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Abstract

Ultrasonic flow detection is a widely used technique to detect vessels, measure blood

flow velocities, and monitor perfusion. Conventional techniques include color Doppler

imaging and power Doppler (PD) imaging. These methods depend on either the

measurement of phase change or the detection of the power of backscattered echoes

from blood. Both techniques are susceptible to noise. Common noise sources include

thermal noise and clutter. The noise significantly deteriorates the performance of

color Doppler imaging, because color Doppler imaging estimates the axial blood

velocity from temporal changes in the echo phase, and phase change measurement

is sensitive to noise. Power Doppler imaging measures the power of the temporal

differences in backscattered echoes, and can provide higher sensitivity with small

vessel and slow flow detection than color Doppler imaging at the expense of direction

and velocity information. However, it requires a large ensemble length, limiting the

frame rate to a few frames per second. The limitations of color Doppler imaging and

power Doppler imaging are more severe in deep body vessel imaging due to depth

dependent attenuation of the ultrasound waves. Therefore, for deep body vessel

imaging, including liver vessel imaging and placental spiral artery imaging, better

vessel detection techniques are desirable.

Coherent flow power Doppler (CFPD) imaging was proposed as a sensitive flow

detection and imaging technique for slow flow and small vessels. In this work, we

present the study on CFPD from principles to clinical evaluation.
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The CFPD imaging technique detects blood flow from the spatial coherence of

the blood signals. The short-lag spatial coherence (SLSC) beamformer is used for the

measurement of spatial coherence. Because blood signals and common noise sources,

including thermal noise and reverberation clutter, have different spatial coherence

properties, CFPD can suppress the noise.

The performance of CFPD in flow detection was evaluated with simulations and

flow phantom experiments under various imaging conditions, and compared with the

performance of PD. It is found that CFPD provides an improvement of Doppler

signal-to-noise ratio (SNR) of 7.5-12.5 dB over PD in slow flow and small vessel

imaging. The improvement in SNR translates to higher Doppler image contrast,

faster frame rate, or lower limit-of-detection (LOD). In similar imaging conditions of

slow flow, CFPD may detect up to 50% slower flow than PD.

The CFPD imaging technique was also implemented with novel pulse sequences,

including plane-wave synthetic transmit aperture imaging, and diverging-wave syn-

thetic transmit aperture imaging. For plane-wave synthetic transmit aperture imag-

ing, the angular coherence theory was proposed to describe the coherence of backscat-

tered waves corresponding to plane wave transmits at different steering angles. In

addition, we also propose the coherent Kasai and Loupas estimators, which utilize

the coherence information of flow signals to provide velocity estimates with reduced

uncertainty.

To demonstrate the clinical relevance of CFPD, we built a real-time CFPD imag-

ing system and conducted a pilot clinical study with it. In the system, the CFPD

technique was implemented on a Verasonics Vantage 256 research scanner. The

software beamformer and CFPD processing were implemented on the graphics pro-

cessing unit (GPU). The Doppler frame rate of the system is 10 frames per second

for a field-of-view (FOV) of 10 cm axially and 4 cm laterally.

In the pilot clinical study, the liver vasculatures of 15 healthy human volunteers
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were imaged by a trained sonographer using the real-time CFPD system. The raw

data corresponding to a 132 Doppler videos were captured and processed offline. The

SNR of the vessels in the CFPD and PD images were measured and analyzed. In all

of the 132 data sets, CFPD provides higher SNR than PD. The average improvement

in SNR is 8.6 dB. From the visual analysis of the images, it can be seen that the

improvement in SNR leads to more sensitive detection of small vessels in deeper parts

of the liver.
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1

Introduction and Background

1.1 Overview

Chapter 1 offers a brief introduction to medical ultrasound imaging, and describes

the clinical motivations to the development of coherent flow power Doppler (CFPD)

imaging. In this chapter, the demand for sensitive flow detection techniques and

the limitations of current ultrasonic flow detection methods are described first. The

main sources for signal degradation are discussed. To suppress the noise in ultrasound

imaging, spatial cohehence imaging is then introduced as a novel method for medical

ultrasound imaging.

Chapter 2 and 6 contribute novel techniques in flow detection and measurement.

In particular, Chapters 2 and 3 provides the details and the characterizations of the

CFPD imaging technique. Chapter 2 describes the details of CFPD and provides

characterization of the performance of CFPD under various conditions with differ-

ent noise levels, flow velocities, and ensemble lengths. Chapter 2 was published in

IEEE Transactions on Ultrasonics, Ferroelectrics, and Frequency Control under the

title of “Coherent flow power doppler (CFPD): flow detection using spatial coherence

1



beamforming” [1]. Chapter 3 provides the characterization of CFPD in small-vessel

detection in the presence of reverberation clutter. In addition, Chapter 3 reports

the use of plane-wave synthetic transmit aperture with CFPD. Chapter 3 was pub-

lished in IEEE Transactions on Ultrasonics, Ferroelectrics, and Frequency Control

under the title of “Visualization of small-diameter vessels by reduction of incoherent

reverberation with coherent flow power Doppler” [2].

Chapter 4 and 5 introduces novel theories and techniques to coherence-based flow

detection and measurement. Chapter 4 proposes the theory of angular coherence in

medical ultrasound. The theory can be used to describe the coherence of signals in

plane-wave synthetic transmit aperture imaging, which is used in Chapter 3 with

CFPD. Chapter 4 also proposes a new beamformer, termed short-lag angular co-

herence (SLAC) beamformer, using the angular coherence of ultrasound. Chapter

4 was published in the Journal of the Acoustical Society of America under the title

“Angular coherence in ultrasound imaging: Theory and applications” [3]. Chapter 5

describes novel flow velocity and tissue displacement estimation techniques using the

coherence of ultrasound. The materials in Chapter 5 were presented in 2015 IEEE

International Ultrasonics Symposium (IUS) as “Coherence beamforming applied to

velocity estimation and partially coherent signals” and in 2017 IEEE International

Symposium on Biomedical Imaging (ISBI 2017) as “Coherent color flow imaging:

Velocity estimation using coherent signals”. They were published in the proceedings

of the conferences under the same titles [4, 5], but not published in journals yet.

Chapter 6 reports the first pilot clinical study of CFPD in liver vessel detection

and visualization. Chapter 6 is not published in journals yet.

1.2 Clinical Motivations

Ultrasonic Doppler imaging methods are widely used tools for flow analysis and

vessel detection in liver. The application of Doppler in liver imaging includes stenosis

2



detection [6], thrombosis prediction [7], hepatic vein pressure measurement [8], focal

liver lesion detection [9], evaluation of tumor therapeutic response [10], and liver

vascularity assessment [11].

However, important limitations exist in the clinical applications of Doppler imag-

ing. For power Doppler (PD) imaging, the limitations include the tradeoff between

frame rate and image quality [12] [13], particularly in deep organs (e.g. liver). In

addition, although PD is more sensitive than color Doppler in slow flow detection,

detection is limited by signal-to-noise ratio (SNR), which decreases with imaging

depth. If thermal noise has higher energy than blood signal, blood flow becomes

difficult to detect with power Doppler. This limits the performance of PD in deeply

located sections of liver [14] with low SNR. Typically, the frame rate of power Doppler

is limited to a few frames per second, and the detection threshold for flow is on the

order of 10 mm/s under high SNR conditions.

In clinics, these limitations result in low temporal resolution [15] and poor de-

tection of slow flow. It has been reported that PD has relative low sensitivity in

liver lesion detection [9], and that it is difficult to produce reliable diagnosis when

targets are deep or there is not sufficient blood flow [13] [16]. Limitations are more

severe with patients with high body mass index (BMI). The increased abdominal

layer thickness in such patients result in both higher attenuation and reverberation

clutter [17]. In addition, high BMI is associated with fatty infiltration into liver

vessel [18], which may reduce the blood velocity. For example, the flow velocity in

the portal vein may be reduced by as much as 30% due to fatty infiltration [19].

The academic research to overcome these limitations has been extensive. To

detect slow flow, contrast agents (e.g. microbubbles), as well as microbubble-specific

imaging technique, such as second harmonic imaging [16], have been utilized. Such

contrast agent results in improved detection of blood flow and small vessel with both

B-mode [20–22] and power Doppler imaging [23], and may improve the detection of
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intertumoral vessels in focal liver lesions [23]. However, the use of contrast agents

is invasive, and does not improve the poor temporal resolution of power Doppler

imaging [13].

To increase frame rate, novel sequences have been proposed. One solution pro-

posed the use of synthetic transmit aperture techniques for Doppler imaging [24]. The

frame rate of Doppler imaging can be improved if the number of transmits in syn-

thetic aperture imaging sequence is lower than that of focused transmit sequences.

A specific type of synthetic aperture using plane-wave transmit coherent angular

compounding has also been demonstrated [25] [12]. Blood motion complicates the

application of synthetic aperture imaging or plane-wave transmit coherent angular

compounding imaging in flow detection. Such techniques assume target stationarity.

Dynamic targets, such as blood flow, cause additional signal decorrelation between

the acquisitions, which leads to a bias in flow velocity estimation [26]. Tissue mo-

tion, which is common in clinics, also complicates the application of SA techniques to

Doppler imaging. In addition, the low transmit energy in synthetic aperture imaging

generally results in shallower imaging depths, unless a large number of data acqui-

sitions are made and averaged. This leads to the tradeoff between frame rate and

image quality.

1.3 Ultrasonic Imaging

Diagnostic ultrasound imaging systems are non-ionizing medical imaging devices for

soft tissue imaging. A basic system consists of a transducer, a beamformer, and

signal and image processing devices.

The transducer has an array of piezoelectric elements, which serve as both trans-

mitter and receiver of high-frequency (1-10 MHz) acoustic pulses. An example of

one-dimensional (1D) linear array is shown in Fig. 1.1.

The transducer generates acoustic pulses by electrically exciting piezoelectric el-
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Figure 1.1: Illustration of a 1D linear array and its coordinate system. To focus at
an arbitrary point P, time delay is calculated using the distance r between the focus
and the center of aperture, and the angle θ between the line connecting the focus
and the center of aperture and the surface norm of the transducer surface.

ements. The transmitted pulses are scattered and reflected by tissue due to acoustic

impedance mismatches. The characteristic acoustic impedance Z (rayl) for a plane

wave is defined as:

Z “ ρ ¨ c (1.1)

where ρ is the density of material and c is the velocity of sound. The impedance Z

defined by Eq.1.1 is typically used for ultrasound imaging applications. The scattered

waves from tissue are recorded by the transducer, and are converted to RF electric

signals.

The beamformer sets the phases of pulses across the array, so that the acoustic

waves can be focused and steered to desired locations. The phases of both trans-

mitted and received acoustic pulses can be changed by delaying the pulses in time.

For a focused transmit as an example, the beamformer sets the delays across the

lateral dimension of transducer array, such that a spherical wave converging to the

desired focus is generated. For receive focus, a typically method is delay-and-sum

(DAS) beamforming. The time delay for a point P(r, θ), as shown in Fig. 1.1, can
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be calculated as

∆tn “
1

c

´

r ´
a

r2 ` x2
n ´ 2rxn sin θ

¯

«
xn sin θ

c
´
x2
n

2cr

(1.2)

in which, ∆tn is the relative time delay of the nth element of the transducer; r is the

distance between the center of aperture and the focus P; xn is the distance between

the nth element to the center of aperture; θ is the angle between the surface norm

of the aperture and the line connecting the focus and the center of aperture. The

approximation is valid if r " xn. The time-delayed signal is then summed across the

aperture to produce DAS signal, corresponding to an axial line (A-line) in the final

two-dimensional (2D) brightness mode (B-mode) image.

The signal and image processing devices converts received and time-delayed radio-

frequency (RF) signal into images for display. The DAS signal with an RF carrier

frequency is not suitable for display. The signal processing devices apply a process

termed envelop detection to DAS signal to remove the radio frequency from the signal

and produce an A-line. The entire process is repeated across the imaging plane, and

A-lines are assembled into a B-mode image. Other signal and image processing may

include downsampling, filtering, and scan conversion. These processes can reduce

the redundant data, improve image quality, and transform the data from transducer

coordinate to display coordinate, respectively.

One metric of performance of ultrasound imaging systems is the resolution. Ul-

trasound imaging systems generally have different resolutions in different dimensions,

determined by the anisotropic point-spread-function (PSF). An example of a PSF is

shown in Fig. 1.2. In both lateral and axial dimensions, the resolutions are inversely

proportional to the bandwidths in k-space. The axial resolution at the focus is ap-

proximately equal to half the length of the transmitted acoustic pulse. The lateral

resolution is determined by the Fourier transform of the aperture function, and can
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Figure 1.2: The PSF of an ultrasound imaging system. Left: PSF shown with
a dynamic range of 40 dB. Right: lateral and axial cross-sections of the PSF. The
different widths of lateral and axial cross-section indicate different resolutions in these
two dimensions. The -6 dB lateral resolution is 0.53 mm and the axial resolution 0.33
mm. Note that the displayed ranges of signal magnitude are different for lateral and
axial cross-sections. The PSF is simulated in Field II with f0 = 5 MHz, a fractional
bandwidth of 0.7, a transducer pitch of 0.3 mm, 48 transducer element, and a depth
focus of 25 mm.

be approximately calculated from the f-number (f{#) of the system as λ ¨ f{#. The

f-number is defined as f{# “ zf{D, in which zf is the focal length, and D is the

aperture width.

1.4 Spatial Coherence of Ultrasound

The van Cittert-Zernike (VCZ) theorem describes the propagation of the spatial

coherence of a wave field produced by a spatially incoherent source. The spatial

coherence of a wave field can be described by the mutual intensity and the equal-
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time degree of coherence, which are defined as [27]

JpX1,X2q “ă P ˚pX1q ¨ P pX2q ą (1.3)

jpX1,X2q “
JpX1,X2q

a

JpX1,X1q ¨
a

JpX2,X2q

“
JpX1,X2q

a

IpX1q ¨
a

IpX2q

(1.4)

where, X1 and X2 represent the spatial locations of the two detector units; the

ăą brackets represent ensemble average; P pXq is the measured field amplitude at

location X; IpXq is the measured field intensity at location X; JpX1,X2q is the

mutual intensity (i.e. the spatial covariance function ) at points X1 and X2; and

jpX1,X2q is the equal-time degree of coherence, which represents normalized mutual

intensity.

In the far field, the VCZ theorem states that the mutual intensity is proportional

to the Fourier transform of the spatial distribution of source intensity. If the distance

(R) between the source and the detectors is much greater than the dimension of the

source and the spacing between the two detectors, the waves gain spatial coherence

through propagation, and we have [27]

JpX1,X2q “
eiϕ

R2

ż ż

S

Ipε, ηqeikppε`qηqdεdη (1.5)

jpX1,X2q “
eiϕ

ş ş

s
Ipε, ηqeikppε`qηqdεdη
ş ş

s
Ipε, ηqdεdη

(1.6)

where, X1 and X2 are the spatial location of the detectors; R is the distance between

the source and detector; ε and η are coordinates on the source plane; Ipε, ηq is the

spatial distribution of source intensity; k “ 2π
λ

is the wavenumber; the two frequency

terms p “ X1´X2

R
and q “ Y1´Y2

R
are defined as functions of detector coordinates
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pX1, Y1q and pX2, Y2q; and the integration is taken over the entire source. The phase

term eiϕ is omitted in the following discussion because it vanishes with focusing in

ultrasound imaging.

In pulsed ultrasound, a totally incoherent scattering medium can serve as spatially

incoherent sources. In the case of a focused transmit with a linear transducer, the

spatial covariance is shown to satisfy the follow equation [28]:

Cpuq “ JpX1,X2q

“

ż 8

´8

|χpxq ¨Hpxq|2e´j2π
u
λz
xdx,

(1.7)

in which u “ |X1 ´X2| is the spacing between the two detector units, or lag; x is

the lateral coordinate in the source plane; χpxq is the scattering function; Hpxq is

the transmit beam pressure distribution at focus; λ is the center wavelength of the

transmit wave; z is the depth of the focus; and Cpuq is the spatial covariance as a

function of lag u.

Eq. 1.7 states that the spatial covariance Cpuq is the Fourier transform, calculated

at spatial frequency u{pλ ¨ zq, of the square of the product of the scattering function

and transmit beam pressure at the focus. The transmit beam pressure Hpxq at focus

is proportional to the Fourier transform of the transmit aperture function. The

scattering function χpxq of a uniform scattering medium is a constant. Therefore,

the spatial covariance of the waves backscattered from incoherent medium can be

represented by the autocorrelation function of the transmit aperture function.

In implementation, the ensemble average in Eq. 1.3 and Eq. 1.7 is typically

replaced with temporal (i.e. depth) average (or summation), and spatial average

across the aperture is applied to utilize the information collected with the entire

aperture [29]. Thus, we have

Ĉpmq “
1

N ´m

N´m
ÿ

i“1

n2
ÿ

n“n1

sipnqsi`mpnq (1.8)
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in which m, defined as lag, is the spacing between transducer element i and element

i`m; N is the number of elements in the active aperture; n is the fast-time index;

and Ĉpmq is the discrete form of Cpuq.

1.5 Ultrasound Imaging with Short-lag Spatial Coherence

Short-lag spatial coherence (SLSC) imaging has been proposed as an alternative

method to delay-and-sum beamforming in conventional B-mode imaging [30–32]. In

SLSC imaging, the spatial coherence, defined as normalized spatial covariance, of

backscattered waves from one isochronous voxel is calculated as

R̂pmq “
1

N ´m

N´m
ÿ

i“1

řn2

n“n1
sipnqsi`mpnq

b

řn2

n“n1
s2
i pnq

řn2

n“n1
s2
i`mpnq

, (1.9)

in which R̂pmq represents the normalized covariance of the signals received on the

pairs of elements with lag m.

The definition of R̂pmq differs from that of Ĉpmq, because of the normalization

term. The purpose of the normalization term is to remove the relative strengths of

signal from the spatial covariance. Thus, R̂pmq is the discrete form of the equal-

time degree of coherence jpX1,X2q, as defined in Eq. 1.4. Similar to the property

described by Eq. 1.7 for Cpuq, we have [30]:

Rpuq “ jpX1,X2q

“

ş8

´8
|χpxq ¨Hpxq|2e´j2π

u
λz
xdx

ş8

´8
|χpxq ¨Hpxq|2dx

,
(1.10)

It is worth noting that the property described by Eq. 1.10 is only valid for

incoherent scattering medium that is focused by the transducer. For a point target,

Rpuq “ 1 is a constant, and for thermal noise generated in the scanner, Rpuq “ 0

for u ą 0.
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Figure 1.3: Normalized covariance curves of the waves backscattered from sta-
tionary human tissue, fluid, and the curve of thermal noise. The curves of human
tissue and fluid decreases slower than that of thermal noise in the short lag region
(Q ă 30%).

Examples of the spatial coherence function R̂pmq are shown in Fig. 1.3. They are

displayed as functions of parameter Q, which represent M as percentage of effective

aperture size (N).

Q “
M

N
ˆ 100% (1.11)

It can be seen from Fig. 1.3 that, as the lag m increases, R̂pmq of backscat-

tered waves from stationary tissue and fluid decreases slower than thermal noise.

This is due to the low correlation nature of thermal noise. It was also shown that

reverberation clutter also has R̂pmq that decreases faster than that of tissue [29].

This difference in the property of R̂pmq is utilized by SLSC imaging to generate

contrast. The spatial coherence function R̂pmq is summed over the first M lags to

produce short-lag spatial coherence:

Vslsc “
M
ÿ

m“1

R̂pmq. (1.12)

The summation is conducted over the small lag region, which is empirically de-

termined to be 1-30% of the aperture size for SLSC computation [33]. This is equiv-
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alent to summing the low spatial frequencies of the normalized Fourier coefficients of

|χpxq ¨Hpxq|2. It has been shown that the spatial coherence of waves backscattered

from tissue is considerably higher than that of adjacent anechoic and hypoechoic

regions, as well as off-axis scattered waves [30]. In addition, thermal noise and rever-

beration clutter are typically spatially incoherent, with R̂pmq “ 0, for m ą 0. Using

such differences in spatial coherence, contrast can be generated and images can be

formed that resemble those produced by conventional delay-and-sum beamforming.

Each SLSC value corresponds to one pixel in the 2D image. With SLSC beamform-

ing, higher speckle signal-to-noise ratio (SNR) and higher contrast-to-noise ratio

(CNR) can be obtained [30,34]. This method has been further extended to harmonic

spatial coherence imaging [35] and synthetic aperture SLSC imaging [36].

1.6 Conventional Flow Detection with Ultrasound

The interaction between ultrasound and blood is through Rayleigh scattering of ul-

trasound by red blood cells (RBC) [37–39]. Due to the small density and small

scattering cross-sections of red blood cells, the signal produced by RBC scattered

wave is generally 20-60 dB weaker than that of the waves scattered from stationary

tissues surrounding blood [40]. Upon scattering by RBCs, the frequency of ultra-

sound waves is shifted due to the movement of the scatterers. The frequency shift

can be calculated by

∆f “
2v cos θ

c0 ´ v cos θ
f0

«
2v cos θ

c0

f0

(1.13)

where v is the velocity of the scatterer; θ is the angle between the scatterer velocity

vector and the wave vector of ultrasound waves; c0 is the wave velocity; f0 is the

center frequency of the acoustic waves; and ∆f is the Doppler frequency shift.
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Although it is possible to determine flow velocity v from the measurement of

acoustic spectrum according to Eq. 1.13, this approach, termed spectral Doppler,

is not preferred due to the nature of the acoustic waves and tissue. For pulsed

wave spectral Doppler, the acoustic waves used to image tissue typically have wide

bandwidth, and thus each frequency component has different frequency shift. Such

non-constant frequency shift distorts the spectrum, making it difficult to determine

the shift of the center frequency. In addition, human tissue has frequency dependent

attenuation, which also distorts the spectrum. For continuous wave spectral Doppler,

the signal is averaged through depth, so range information is lost. If the continuous

waves transmit through one vessel before being backscattered by another one, the

frequency shift caused by the scatterers in the first vessel will make the determination

of the flow velocity in the second vessel impossible.

Alternatively, flow velocity can be determined from the gradual translation of

scatterers. In this approach, pulsed wave are transmitted at a fixed pulse repetition

frequency FPRF “ 1{TPRF. Backscattered waves are measured and processed to

produce velocity estimation. Estimators of velocity based on this principle can be

categorized as two types: time-shift estimators and phase-shift estimators. Time-

shift estimators operates on two-dimensional (2D) data, with one dimension being

depth (i.e. fast time), and the other pulse repetition (i.e. slow time). A typical

time-shift estimator is the cross-correlation estimator. Time-shift estimators are

not widely used because of their computational complexity. Phase-shift estimators

operates on either one-dimensional (1D) data or 2D data. Both RF and IQ data

can be used as input to these estimators. Consider an IQ-demodulated and filtered

analytic signal corresponding to blood flow:

rptq “ aptq ¨ e2π∆ft`ϕ0 “ Iptq ` j ¨Qptq (1.14)

where Iptq and Qptq represents the in-phase and quadrature component, respectively.

13



Its 2D discrete form is

r̂pm,nq “ Îpm,nq ` j ¨ Q̂pm,nq (1.15)

where, m is the fast-time index, and n is the slow-time index. The velocity can be

calculated as

vpmq «
c0

4πf0TPRF cos θ
¨ arctan

«

Q̂pm, i` 1q̂Ipm, iq ´ Q̂pm, iq̂Ipm, i` 1q

Îpm, i` 1q̂Ipm, iq ` Q̂pm, iqQ̂pm, i` 1q

ff

(1.16)

Kasai [41] and Loupas [42] presented two improved estimators of flow velocities

based on similar principles, using either 1D or 2D autocorrelation functions. The

results of velocity estimation is typically coded in red and blue colors and overlaid

on B-mode images. Thus, the technique is termed color Doppler.

The velocity estimators may be sensitive to noise [43], so color Doppler imaging

has sub-optimal performance with small vessels and slow flow. For detection of small

vessels and slow flow, power Doppler is preferred. Power Doppler imaging measures

the power of the temporarily varying components of the backscattered echoes, and

can provide higher sensitivity with small vessel and slow flow detection at the expense

of direction information [44]. One power estimator that can be applied to high-pass

filtered IQ data is [45]:

Ppm, nq “
m`M
ÿ

p“m´M

n`N
ÿ

q“n´N

”

Î2
pp, qq ` Q̂2

pp, qq
ı

(1.17)

Compared to color Doppler imaging, power Doppler imaging has higher sensitivity

with slow flow. However, it requires a large ensemble length to produce images with

sufficient SNR, limiting the frame rate to a few frames per second.

The potential noise sources that degrade power Doppler imaging include clutter

and thermal noise. Clutter originates from sound reverberations in tissue layers,
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scattering from off-axis structures, ultrasound beam distortion, and returning echoes

from previously transmitted pulses [34]. Clutter is stationary with respect to time

and obscures blood vessels and other clinical targets. In cardiac imaging, stationary

echoes may be 40 to 100 dB stronger than the signals from blood [46]. In conventional

Doppler imaging, high-pass wall filters are commonly used to remove stationary

echoes. However, the small number of samples (8 to 16) available to the wall filter

reduces the ability of the wall filter to effectively reject unwanted signals [46], and

stationary echoes may pass through the wall filter depending on their magnitude of

temporal frequency content. Thermal noise (i.e. electronic noise) is a temporally and

spatially white noise process and appears as a rapidly moving target in the ensemble.

Therefore, it cannot be removed with wall filters typically used in Doppler imaging.

If any of these types of noise has comparable power as the blood signal after wall

filtering, they will degrade the quality of the power estimate. Although considerable

efforts have been made to improve the image quality and frame rate of Doppler

imaging techniques using novel sequence designs such as synthetic aperture [47] and

µDoppler sequences [43], the aforementioned noise sources still impose significant

limitations on the performance of Doppler imaging.
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2

Coherent Flow Power Doppler (CFPD): Flow
Detection using Spatial Coherence Beamforming

This work was originally published in [1] :

Li, Y. L., & Dahl, J. J. (2015). Coherent flow power doppler (CFPD): flow detec-

tion using spatial coherence beamforming. IEEE transactions on ultrasonics, ferro-

electrics, and frequency control, 62(6), 1022-1035.

2.1 Introduction

Ultrasonic flow detection is a widely used technique to measure blood flow veloc-

ity [48, 49], monitor perfusion [50–52], detect hyperemia [53], diagnose thrombo-

sis [54–58], and assess stenosis [59,60]. Conventional techniques include color Doppler

imaging and power Doppler imaging. These methods depend on either the phase

change or the power of the backscattered echoes from blood. Color Doppler imaging

estimates the axial blood velocity from temporal changes in the echo phase. Because

the measurement of blood velocity may be sensitive to noise [43], color Doppler imag-

ing has sub-optimal performance with small vessel and slow flow. Power Doppler
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imaging measures the power of the temporal differences in backscattered echoes, and

can provide higher sensitivity with small vessel and slow flow detection at the ex-

pense of direction information [61]. However, it requires a large ensemble length,

limiting the frame rate to a few frames per second.

The potential noise sources that degrade power Doppler imaging include clutter

and thermal noise. Clutter originates from sound reverberations in tissue layers,

scattering from off-axis structures, ultrasound beam distortion, and returning echoes

from previously transmitted pulses [34]. Clutter is stationary with respect to time

and obscures blood vessels and other clinical targets. In cardiac imaging, stationary

echoes may be 40 to 100 dB stronger than the signal from blood [46]. In conventional

Doppler imaging, high-pass wall filters are commonly used to remove stationary

echoes. However, the small number of samples (8 to 16) available to the wall filter

reduces the ability of the wall filter to effectively reject unwanted signals [46], and

stationary echoes may pass through the wall filter depending on their magnitude of

temporal frequency content. Thermal noise (i.e. electronic noise) is a temporally and

spatially white noise process and appears as a rapidly moving target in the ensemble.

Therefore, it cannot be removed with wall filters typically used in Doppler imaging.

If any of these types of noise has comparable power as the blood signal after wall

filtering, they will degrade the quality of the power estimate. Although considerable

efforts have been made to improve the image quality and frame rate of Doppler

imaging techniques using novel sequence designs such as synthetic aperture [62] and

µDoppler sequences [43], the aforementioned noise sources still impose significant

limitations on the performance of Doppler imaging.

Short-lag spatial coherence (SLSC) imaging was recently introduced as an imag-

ing method that forms ultrasound images using the spatial coherence information of

backscattered echoes [30]. It makes use of a classical theorem of statistical optics, the

van Cittert-Zernike (VCZ) theorem, which describes the equal-time degree of coher-
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ence in a field generated by a spatially incoherent quasi-monochromatic source [63].

The expression of the VCZ theorem bears close resemblance with the Huygens-Fresnel

principle and the Fraunhofer diffraction at an aperture. Mallart and Fink [28] and

Liu and Waag [64] generalized this theorem to pulse echo ultrasound imaging, and

showed that the spatial covariance of the backscattered pressure field at the transmit

focus is proportional to the autocorrelation of the transmitting aperture function.

A similar result was also derived using a k-space representation by Walker and Tra-

hey [65].

The SLSC method computes the normalized covariance of the signals received on

every pair of elements of the transducer, denoted by sipnq for element i and si`mpnq

for element i`m of the transducer, in which n is the fast-time index. The normalized

covariance of the signal is defined as

R̂pmq “
1

N ´m

N´m
ÿ

i“1

řn2

n“n1
sipnqsi`mpnq

b

řn2

n“n1
s2
i pnq

řn2

n“n1
s2
i`mpnq

, (2.1)

in which m, defined as lag, is the spacing of elements between element i and element

i`m. R̂pmq represents the normalized covariance of the signals received on the pairs

of elements with lag m, and N is the number of transducer elements in the active

aperture. n2 ´ n1 is the kernel size for cross-correlation calculation.

The spatial correlation in Equation (3.1) can then be used to produce the SLSC

metric. The metric is computed by summing the spatial correlation values produced

with Equation (3.1) corresponding to the smallest M lags

Vslsc “
M
ÿ

m“1

R̂pmq. (2.2)

An SLSC image is produced by computing the Vslsc value for each pixel. A parameter
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Q is introduced to represent M as a percentage of the receive aperture size:

Q “
M

N
ˆ 100% (2.3)

It has been shown that the spatial coherence backscattered from tissue is consider-

ably higher than adjacent anechoic or hypoechoic regions [30]. Using this difference

in spatial coherence, the technique has been shown to produce images resembling

those produced by conventional delay-and-sum beamforming. In addition, because

thermal noise and clutter are often spatially incoherent (i.e. R̂pmq « 0, for m ą 0),

the SLSC imaging technique is less susceptible to such noise sources and artifacts

than conventional delay-and-sum beamforming. It can produce images with higher

speckle SNR and higher contrast-to-noise-ratio (CNR) [30] [31]. The method has

been extended to harmonic spatial coherence imaging [35] and synthetic aperture

SLSC imaging [66] to further improve image quality and mitigate depth of field

limitations of the method.

Herein, we describe a recent development in a coherent flow imaging technique,

termed Coherent Flow Power Doppler (CFPD) imaging, that is based on the spatial

coherence of the blood signal. This technique utilizes a similar pulse sequence as

conventional power Doppler (PD) imaging, but obtains and images spatial coherence

information of the backscattered signal [30]. The performance of this technique is

evaluated under various flow velocities and channel SNR using simulations, phan-

tom experiments, and in-vivo studies. The image quality and limit of detection are

benchmarked with those of a conventional PD technique.

The article is organized as follows: Section II presents the principles of CFPD

imaging; Section III describes the methods utilized in the simulations, phantom

studies, and in-vivo studies; Sections IV analyzes the results from these studies,

evaluates the performance of CFPD, and compares its performance with PD; and

Section V and VI present further discussion and conclusions.
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2.2 Principles of coherent flow imaging

2.2.1 Power Doppler imaging

Conventional power Doppler (PD) imaging requires an ensemble of RF traces to

estimate the presence of flow. An ensemble of 8-16 RF lines are acquired at each

azimuthal position in a Doppler image. The A-scans are acquired at a fixed pulse-

repetition frequency (fprf ) focused at the same location and beamformed using delay-

and-sum beamforming. The focus is shifted to the next location, and the next A-scan

ensemble is acquired in the same way. The A-scans from each location can also be

interleaved to improve frame rate and control the pulse repetition rate. Because the

ensemble of A-scans contain stationary echoes from tissue that may overpower the

blood signal, a high-pass wall filter is applied to the A-scan ensemble to attenuate

any stationary and slowly changing signal in order to obtain flow information. A PD

image is produced by applying a power estimator to the filtered signal. A commonly

used estimator, proposed by Loupas et al. [45] and based on a two-dimensional (2D)

autocorrelator, for blood velocity estimation is:

PD “

K
ÿ

k“1

P
ÿ

p“1

|rpk, pq|2, (2.4)

in which rpk, pq is the high-pass filtered complex signal at depth sample k and en-

semble sample p. K is the number of samples averaged in the axial dimension; and

P is the ensemble length.

Equation (2.4) shows that the output signal of PD is dependent on the energy of

the signal. This technique does not measure the velocity of flow. For flow at a fixed

velocity, the strength of PD signal is associated with the number of scatterers in the

voxel to a first approximation [67]. It has higher sensitivity for slow flow and small

vessel detection than color Doppler imaging [61].

One problem with PD is that the high-pass filter requires a large number of

20



samples (i.e. a large ensemble length) to achieve steady-state performance with high

attenuation in the stopband. This is not ideal for clinical applications because a very

large ensemble length reduces the frame rate and is susceptible to flash or motion

artifact. Therefore, the filters used in Doppler imaging operate in their transient state

with inferior performance, due to a wider transition band and lower attenuation in

the stop band (see Fig. 2.1).

Reverberation clutter can appear similar to slowly moving blood. Therefore, the

attenuation applied by the wall filters on reverberation clutter and slowly moving

tissue may not be strong enough, and such noise may pass through the wall filter

and degrade the power Doppler image. In addition, if the flow velocity is too low,

the flow signal may fall into the transition band of the filter and may be attenuated.

If the power of the thermal noise is higher than the backscattered signal energy from

blood, the flow signal will not be differentiable from the background.
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Figure 2.1: A comparison of transient state and steady state frequency responses
of a high-pass 2-tap Butterworth filter with projection initialization. Hpfq denotes
the frequency response of the filter. The frequency axis is normalized to the Nyquist
frequency. The cutoff frequency is 5% of the Nyquist frequency. In the transient
state, the filter has lower attenuation in the stopband and a wider transition band
than the steady state.
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2.2.2 Coherent flow imaging

Coherent flow imaging utilizes SLSC beamforming to obtain coherence information

of flow, and then utilizes a power estimator to produce an image that resembles

the conventional PD images. Fig. 2.2 presents an outline of CFPD for coherent

flow imaging, as well as a comparison of CFPD with PD. In coherent flow imaging,

the pulse sequence is identical to conventional PD imaging, however, the method

requires individual channel RF data, rather than the beamformed data in the case

of PD imaging. These RF channel data from all acquisitions are delayed according

to path length differences and filtered across the ensemble on a per-channel basis

to remove stationary signals and slowly moving tissue signals and isolate the blood

signal.
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Figure 2.2: Signal processing path of CFPD and PD. For both CFPD and PD,
RF channel data are first (a) acquired at one focused lateral location at a fixed fprf ,
and then (b) time delayed. For CFPD, the delayed data are (c) high-pass filtered
across the ensemble length, and then (d) processed with the SLSC method. (e) A
power estimator is used to produce one A-scan, and the whole process is repeated for
all lateral positions to produce one Doppler image frame. For the PD method, the
delayed data are (f) summed across the receive aperture, and (f) high-pass filtered
across the ensemble length. (h) A power estimator is used to produce one A-scan,
and the whole process is repeated for all lateral positions to produce a Doppler image
frame.
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The filtered RF channel data for each scan in the ensemble are processed using the

SLSC method described in Section I to obtain the spatial coherence of backscattered

signal from blood. Based on the preliminary results presented in Section III.A, a lag

of M “ 10, corresponding to Q “ 7.8% is chosen to be used in all data processing in

this work. In order to produce Doppler images, a modified Loupas estimator is then

applied to the data to produce Doppler information. Specifically, the square of the

SLSC values is added across the ensemble dimension:

CFPD “

P
ÿ

p“1

V 2
slscppq, (2.5)

where Vslscppq is the SLSC signal calculated with Equation (6.2) for the pth acquisi-

tion, and P is the ensemble length used in the estimator. Note that for B-mode SLSC,

Vslscppq is calculated from time-delayed RF channel data, but for CPFD, Vslscppq is

calculated from time-delayed and high-pass filtered RF channel data.

2.3 Methods

2.3.1 Simulations

Simulations were performed with Field II [68, 69] to observe the performance of

CFPD for various flow velocities under different noise conditions. In the simulations,

a 2 mm vessel was embedded in homogeneous tissue. The setup and an example

Doppler image are shown in Fig. 2.3. Blood signal within the vessel was simulated

by scatterers with scattering amplitude 60 dB lower than the surrounding tissue

scatterers. The peak velocity of the scatterers within the vessel was varied from

1 to 30 mm/s with a parabolic velocity profile in order to study the change in

performance of the method with respect to different flow velocities. This range

covers the blood flow velocity of human capillaries (e.g. the velocity of capillary

blood flow in postocclusive reactive hyperemia is 0.9 mm/s [70], and veinous and
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arterial blood flow velocity in human retina is 19 - 22 mm/s) [71]). The scatterer

density for both the blood and the surrounding tissue was 15 scatterers per resolution

voxel. The simulations were conducted with a 128-element linear transducer array

with a center frequency of 7.5 MHz and a pitch of 0.1953 mm. The transmit pulses

had a fractional bandwidth of 35% and were focused at 3 cm.

30 mm/s

0

22.5

15

17.5

Figure 2.3: A map of the flow velocities in the simulated phantoms. The peak
velocity shown in this image is 30 mm/s. The colored region in the center indicates
the location and size of the vessel. In the vessel, the blood flow velocity has a
parabolic profile. The dashed boxes indicated the locations of background signal in
SNR measurement. The scale bars on the bottom right of the image indicate 1 mm,
and the color scale indicates flow velocities with units of mm/s.

Simulated channel data were acquired at a sampling rate of 40 MHz for a lateral

field-of-view of 12 mm with 0.1 mm beam spacing. For each location, an ensemble

of 15 A-scans was acquired at an fprf of 1 kHz, and the channel signals were appro-

priately delayed. Thermal noise was simulated by adding white noise to the delayed

channel data. The noise amplitude was added in the range of -20 to 0 dB relative

to the blood signal (i.e. -60 to -80 dB relative to the tissue signal). In order to

observe the effect of ensemble length on image quality, the data were truncated in

the ensemble dimension into different sets with ensemble lengths ranging from 3 to

15 with the same fprf . Each of the truncated data sets were processed separately.

The data in each set were filtered with a 2-tap projection-initializated Butterworth

filter with a cutoff frequency of 5 Hz to remove stationary clutter. The filtered data

were then processed with the method described in Section II.B to produce CFPD

images. In order to reduce image size, only a lateral FOV of 5 mm about the center
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of the vessel is shown. The remaining region is used in the SNR measurement as

part of the background and does not have any features of interest. As a comparison,

the same data were also processed with conventional PD imaging method described

in Section II.A.

2.3.2 Phantom and in-vivo studies

Phantom and in-vivo studies were conducted with a Verasonics Vantage system (Ve-

rasonics, Inc., Redmond, WA) and an ATL L12-5 linear transducer. The transducer

transmitted 6 half-wave (3 full cycles) pulses. The center frequency of the pulses is 5

MHz. 128 transducer elements were used to generate the transmit wave that focused

at 5 cm, corresponding to an F/2 configuration. For each acquisition, the RF channel

signals for 50 locations (for a total width of 9.8 mm) were obtained for an ensemble

size of 15 and an fprf of 1 kHz. In addition, one B-mode scan of 129 lateral lines

was also acquired, centered about the same location. All data were sampled at 19.2

MHz.

In the phantom experiments, a continuous-flow pump and cardiac Doppler flow

phantom (Model 523, ATS Laboratories, Inc., CT) system was used to circulate a

3% (mass/mass) cornstarch-water mixture through a 6 mm vessel inside the flow

phantom with speeds ranging from 11.5 mm/s to 274 mm/s. The phantom has a

mean acoustic velocity of 1452 m/s, and the fluid has a density of 1030 kg/m´3 and

speed of sound of approximately 1531 m/s. The velocity of flow was calibrated by

measuring the weight of fluid pumped over a fixed period of time.

In the in-vivo study, thyroid scans from a 26-year-old healthy male volunteer were

acquired in the same way after obtaining informed consent. The vessel was identified

using the pre-packaged, real-time, power Doppler imaging method on the Verasonics

scanner, and the channel data were saved to be processed and analyzed off-line.

All data from the phantom and in-vivo studies were processed with the method
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described in Section II.B to produce CFPD images. The data were also processed

with the method described in Section II.A to produce conventional PD images. The

filter cut-off frequency was chosen to be 150 Hz for the phantom studies and 200

Hz for the in-vivo studies. In order to provide better visualization of the data, the

dynamic ranges of the Doppler images were compressed with a base-10 logarithmic

function.

2.3.3 CFPD with novel sequence designs

CFPD is not dependent on specific pulse sequences. As demonstrated previously

with SLSC, this beamforming method can be applied in conjunction with pulse-

inversion harmonic [35] and synthetic aperture imaging [66]. CFPD has the potential

to utilize recent advancements in novel sequence design in Doppler imaging, such as

plane-wave transmit with coherent angular compounding (termed µDoppler) [43]

and synthetic aperture flow imaging [62]. As proof-of-concept, CFPD flow detection

is experimentally demonstrated in-vivo with plane-wave transmit coherent angular

compounding.

The experiment was carried out with the same setup as in the phantom and

in-vivo studies. Specifically, an ATL L12-5 transducer is used with a Verasonics

Vantage system. The transmit center frequency was 5 MHz, and receive data were

sampled at 19.2 MHz.

For transmit, the entire aperture of 128 elements were used to sequentially trans-

mit 15 plane waves evenly spanning an azimuzal angular range of -18 to 18 degree.

The transmit interval between acquisitions at adjacent angles is 133 µs, correspond-

ing to an effective fPRF of 500 Hz. An ensemble size of 15, each from the coherent

compounding of 15 angles, was acquired. The details of beamforming with plane-

wave transmit and coherent angular compounding can be found in Mace et al. [43].

However, in this application, the channel signals are synthesized for the CFPD pro-
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cess rather than the delay-and summed RF signals.

The plane-wave sequence was used to acquire liver scans on a 57-year-old healthy

male with high body mass index (ą 25). Time delay and coherent angular compound-

ing were performed on the data according to Mace et al. [43] to obtain synthesized

channel signal. CFPD was applied to the data to produce flow information. As a

comparison, PD images are also created from the synthesized channel signal. All

images are displayed with base-10 logarithmic compression and a dynamic range of

30 dB.

2.3.4 Image quality metrics

The quality of the simulated and experimental Doppler images are evaluated in two

aspects: the strength of the signal, and the defects in the signal. The strength of

the signal directly affects the detection of the presence of flow, and the defects in the

shape and smoothness of the intensity profile affect the quality of estimates on the

size and number of vessels. Signal-to-noise ratio (SNR) and contrast-to-noise ratio

(CNR) were used to measure the quality of images in these two aspects, respectively.

The SNR measures the strength, or power, of the signal relative to the power of

the noise. It is defined as the ratio between the root-mean-square (RMS) of signal

from the vessel and the RMS of the background region:

SNR “ 20 ¨ log10

¨

˚

˚

˚

˚

˝

d

1
N
¨
N
ř

i“1

s2
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ř
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bkgdpiq

˛

‹

‹

‹

‹

‚

, (2.6)

where ssigpiq represents the value at the i-th pixel in the vessel region; N is the

total number of pixels used for SNR measurement in the vessel region; sbkgdpiq is the

pixel value at the i-th pixel in the background; and M is the total number of pixels
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used in the background region. The vessel region was determined with known vessel

diameters and center locations in the simulations and experiments. The background

region used for SNR measurement was chosen such that it was at the same depth as

the vessel region, as shown in Fig.2.3.

The definition of CNR is adopted from Lediju et al. [30] as

CNR “ 20 ¨ log10

¨

˝

|Ssig ´ Sbkgd|
b

σ2
sig ` σ

2
bkgd

˛

‚, (2.7)

where Ssig and Sbkgd are the mean of the pixel values in the signal region and the

background region, respectively; and σsig and σbkgd are the standard deviation of

the pixel values in these regions. CNR quantifies detection of a signal with noise.

It takes into account both the mean values and the fluctuations inside both signal

region and background region.

2.4 Results

2.4.1 Normalized covariance measurement of tissue and fluid

Fig. 2.4 presents measured normalized covariance R̂pmq curves as a function of

lag for stationary tissue, fluid, and thermal noise. The stationary tissue data was

acquired on the liver of a 57-year-old healthy male subject, after informed consent

was obtained. The fluid data was from the phantom study with a flow velocity of

11.5 mm/s and an ensemble length of 15. As shown in the figure, the normalized

covariance of both tissue and fluid share similar characteristics in the short-lag region

(Q ă 30%). In this region, they have higher values than the normalized covariance of

thermal noise. The normalized covariance of tissue and fluid are higher than that of

reverberation clutter as shown previously [72]. Because the backscattered signal from

blood has the same coherence properties as tissue, CFPD processing on blood signal
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Figure 2.4: An example of normalized covariance, R̂pmq, from an in-vivo stationary
tissue sample, moving fluid, and thermal noise. The abscissa represents the lag as a
percentage of the aperture size; the ordinate represents normalized covariance. The
stationary tissue and moving fluid exhibit similar spatial coherence profiles. In the
short-lag region (Q ă 30%), they have higher values than thermal noise.

will result in high values in the final image. Because thermal noise and reverberation

clutters have low coherence, they will be suppressed in the CFPD computation.

2.4.2 Simulations

Fig. 2.5 presents a comparison of simulated CFPD and PD images for four different

flow speeds (5 mm/s, 7 mm/s, 15 mm/s, and 30 mm/s) with -10 dB noise added

to the channel data. The images are shown on a base-10 logarithmic scale with a

dynamic range of 30 dB. The CFPD images are on the left of each image set, and

the PD images are on the right. A cross-section of a 2 mm vessel can be observed

in the figures. The CFPD images have lower background noise than the PD images

generated from the same simulation data and the flow region in the CFPD images

displays a smoother and fuller profile. Both methods show improved signal quality

for higher flow speeds. The displayed image quality can be improved by individu-

ally tuning the dynamic range of each image. Therefore, quantitative analysis was

performed on the CFPD and PD images for a more objective comparison.

Fig. 2.6 shows the quantitative SNR measurement for both the simulated CFPD
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Figure 2.5: Simulated CFPD (left) and PD (right) images for different flow speeds.
Speeds: (a) 5 mm/s; (b) 7 mm/s; (c) 15 mm/s; (d) 30 mm/s. The diameter of the
vessels is 2 mm. An ensemble length of 15 was used to produce the images, and
-10 dB noise is added. The scale bar in the right corner indicates 1 mm, and the
colorbars have units of dB. The dynamic range is 30 dB for all images. The CFPD
images show lower background noise than the PD images.

and PD images as a function of flow speed. Three different levels of noise (0 dB,

-10 dB, and -20 dB relative to blood signal) were added to the channel data, and all

15 scans in the ensemble were used. The SNR of the CFPD images is significantly

higher than that of the PD images.

The SNR was used to determine the limit of detection (LOD) of the flow velocity

(v). Specifically, the signal at velocity v is considered detectable if

SNRpvq ą 3 ¨ σSNR, (2.8)

where SNRpvq represents the mean of the SNR measurement at velocity v, and σSNR

is the standard deviation of all SNR measurements.

This criterion, with the factor 3 on the right-hand side, was chosen according to a

well-established standard in LOD determination [43,73]. According to the criterion,

a threshold of 10 dB in SNR was utilized, based on the measurement of σSNR, to

determine the LOD in flow velocity with both methods. The LOD for CFPD was
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measured to be 52.2%, 52.5%, and 62.1% lower than conventional PD for 0 dB, -

10 dB, and -20 dB noise, respectively. This result indicates that CFPD may allow

detection of slower flow than conventional PD.
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(a) 0 dB noise.
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(b) -10 dB noise.
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(c) -20 dB noise.

Figure 2.6: The SNR of simulated images acquired in simulations with different flow
speeds. Different levels of white noise, relative to the blood signal, were added to the
channel data: (a) 0 dB; (b) -10 dB; (c) -20 dB. The dashed line indicates the detection
threshold. CFPD has a 15-30 dB SNR advantage over PD with speeds ranging from
12 to 25 mm/s. The limit of detection in speed is lower by approximately 50% with
CFPD.

Figs. 2.7 and 2.8 display the simulated images and the SNR measurements,

respectively, with different ensemble lengths for a flow rate of 20 mm/s. As shown

in Fig. 2.8, CFPD produces images with 15-30 dB higher SNR than conventional

PD. Due to this improvement, CFPD may require only 7 acquisitions to produce

images comparable to, or better than, conventional PD images produced from 15

acquisitions. If 10 dB SNR is utilized as the threshold of detection, CFPD requires

only 3 acquisitions to produce useful Doppler images in a low noise environment (e.g.
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-20 dB white noise).
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Figure 2.7: Simulated CFPD (left) and PD (right) images with different ensemble
lengths (a)-(f) for flow of 20 mm/s with 0 dB noise (high noise case), relative to
the blood signal. The vessel diameter is 2 mm. The scale bar on the right corner
indicates 1 mm, and the colorbar has units of dB. The dynamic range is 30 dB for
all images. The figure shows better SNR and lower background noise in the CFPD
images.

Fig. 2.9 displays the performance of the CFPD and PD methods as a function

of noise. For PD, the delay-and-sum beamformer with 128 transducer elements

improves the SNR by approximately 20 dB. CFPD, however, provides an additional

15-30 dB improvement in SNR in this range. For example, with -20 dB channel

amplitude noise, the image SNR with PD is approximately 56 dB, and the image

SNR produced with CFPD is 73 dB.
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(a) 0 dB noise.
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(b) -10 dB noise.
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Figure 2.8: SNR of simulated blood flow with different ensemble lengths. The flow
speed is 20 mm/s. Three levels of noise were added to the channel data: (a) 0 dB;
(b) -10 dB; (c) -20 dB. The dashed line indicates the 10 dB detection threshold. In
general, CFPD produces images with 15-25 dB higher SNR than conventional PD,
enabling flow detection with fewer acquisitions.

2.4.3 Phantom studies

Fig. 2.10 presents the Doppler images with flow velocities ranging from 11.5 to 274

mm/s. Both the CFPD and PD images were produced with all 15 acquisitions in the

ensemble. The dynamic range of the Doppler images is 30 dB. The Doppler images

are fused with the B-mode images of the same region. The Doppler images are only

shown in the center ˘5 mm regions of the images, indicated with the dashed white

lines in Fig.2.10(a). As shown in the figure, CFPD produces Doppler images with

high quality for all velocities utilized. The size of the detected flow is consistent with

the vessel diameter. The CFPD image also demonstrates a smooth intensity profile.

PD produces images with discontinuity and inhomogeneity (Fig. 2.10 (a), and (b)),
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Figure 2.9: SNR measurement of simulated images as a function of channel SNR.
The flow velocity is 20 mm/s for all cases. An ensemble length of 15 was used
to produce the Doppler images. In general, CFPD produces images with 15-30 dB
higher SNR than the conventional PD method, enabling flow detection in more noisy
environments.

and spurious signals at the lower part of the images from thermal noise (Fig. 2.10

(a)).

Fig. 2.11 shows the Doppler profile at the center of the lateral FOV from the

phantom study with 11.5 mm/s flow and an ensemble length of 15. For the PD image,

an increase in the background noise can be observed over depth. In comparison,

the CFPD result has a relatively constant background noise level across the axial

dimension, indicating that CFPD is insensitive to thermal noise.

Fig. 2.12 shows the SNR and CNR measurement from the flow-phantom studies

with different flow speeds, processed with an ensemble length of 15. CFPD shows

better SNR and CNR than PD for the speed range 11.5 - 274 mm/s. The CNR

measurement from CFPD shows consistently higher values than PD.

Fig. 2.13 presents CFPD and PD images in the phantom experiments with differ-

ent ensemble lengths. The flow velocity used for the image is 11.5 mm/s. As shown

in Fig. 2.13 (a) and (b), with a small ensemble length (3 and 5 respectively), PD

produces flow images with strong inhomogeneity and high variance. CFPD is also
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Figure 2.10: CFPD (left) and PD (right) images from the phantom experiments
with different flow velocities, produced with all 15 acquisitions in each ensemble.
The scale bar on the right corner indicates 4 mm, and the colorbar has units of
dB. Doppler imaging is shown in the center ˘5 mm region of the lateral FOV. The
dynamic range is 30 dB for all images. The figure shows better SNR and lower
background noise in images produced using CFPD. At low velocity (a), the PD
image displays higher noise in the lower part of the scan, due to loss of SNR with
depth.

affected by low ensemble lengths, but the Doppler image it produces has a low vari-

ance. With higher ensemble lengths, PD produces images with less thermal noise,
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Figure 2.11: Center axial line of the CFPD and PD images shown in Fig.2.10(a).
PD shows an increase in noise from -50 dB to approximately -25 dB in the depth
dimension. CFPD has a constant low noise level of approximately -65 dB across all
depths, indicating that CFPD is insensitive to thermal noise.

but noise is still visible in the lower part of the image. The CFPD images lack visible

artifacts from thermal noise.

Fig. 2.14 shows the SNR and CNR measurement for both CFPD and PD images

with different ensemble lengths at the lowest velocity used in the phantom experi-

ments (11.5 mm/s). CFPD provides a consistent improvement of 15-30 dB in SNR.

The CNR of the CFPD images is also higher, indicating that CFPD produces a

smoother flow map within the vessel. For the phantom experiments, CFPD required

only 5 acquisitions in an ensemble to produce a Doppler image with higher SNR and

CNR than the image produced by PD with 15 acquisitions.

2.4.4 In-vivo studies

A Doppler scan of the thyroid of a healthy human subject is shown in Fig. 2.15.

The Doppler data are displayed on a dB scale with a dynamic range of 30 dB. The

Doppler image is fused with the B-mode image acquired at the same time. The

lateral range of the Doppler scan is restricted to the center ˘5 mm center of the

B-mode image. Images from both methods show two vessels in the field of view.
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(b) CNR.

Figure 2.12: SNR and CNR measurement from flow phantom experiments. All
15 acquisitions in each ensemble were used. For the speed range of 11.5-274 mm/s,
CFPD shows higher SNR and higher CNR.

However, PD displays high thermal noise, especially in the lower part of the image.

2.4.5 CFPD with novel sequence designs

Fig. 2.16 presents in-vivo liver Doppler images produced with . The images from two

scan locations of the liver are shown. The abdominal layers are visible in all images.

In the Doppler images of Location 1, CFPD shows a homogeneous image of a vessel.

The PD image shows a broken and granular image of a vessel. At location 2, PD

fails to show vessels at deep tissue, because the signal is overwhelmed by thermal
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Figure 2.13: CFPD (left) and PD (right) images of 11.5 mm/s flow in the phan-
tom experiments with different ensemble lengths. The scale bar on the right corner
indicates 4 mm, and the colorbar has units of dB. The dynamic range is 30 dB for
all images. The figure CFPD images show better SNR and lower background noise
than PD. The PD image suffer from higher background noise at deeper depth.

noise. In contrast, CFPD shows the locations of several liver vessels.
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Figure 2.14: SNR and CNR measurement from flow phantom experiments with
different ensemble lengths. The flow velocity for all cases is 11.5 mm/s. CFPD shows
higher SNR and higher CNR for all cases.

2.5 Discussion

We have introduced a coherent flow imaging method using the spatial coherence

of backscattered signal from blood, termed CFPD. Compared with conventional

power Doppler imaging, CFPD showed a gain of 15-30 dB in SNR under equivalent

imaging conditions. This gain is ascribed to the fact that CFPD is less susceptible

to spatially incoherent noise, such as thermal noise and reverberation echoes, which

may overwhelm flow signals for conventional PD imaging. As a result, the CFPD
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(a) CFPD. (b) PD.
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Figure 2.15: In-vivo thyroid Doppler images. The colorbar has units of dB. The
dynamic range is 30 dB for all images. CFPD and PD both show two vessels in the
field of view. The PD image shows higher thermal noise, especially in the lower part
of the image.

(a) Location 1,
CFPD.

(b) Location 1, PD. (c) Location 2,
CFPD.

(d) Location 2, PD.
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Figure 2.16: In-vivo liver Doppler images produced with plane-wave transmit co-
herent angular compounding sequence. Two locations were scanned and processed
with both CFPD and PD methods. The results were presented with the same dy-
namic range (30 dB). In the Doppler images of Location 1, CFPD shows a homo-
geneous image of a vessel. The PD image shows a broken and granular image of a
vessel. At location 2, PD fails to show vessels at deep tissue, while CFPD shows the
locations of the vessels.
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images show consistently lower background noise, especially in deep-lying tissues,

where thermal noise is more prevalent in conventional PD images. The improvement

on SNR results in an increase in display dynamic range for CFPD. Although the

contrast of PD image can be improved by limiting the display dynamic range, it is

often at the expense of features in the image. Moreover, as shown in the results

(see Fig. 2.5 and 2.7), higher thermal noise in the channel data causes more severe

washout in PD images, but such noise does not have high impact in the background

of the CFPD images. As shown in the experimental results (Fig. 2.11), CFPD is

insensitive to the increase in thermal noise with depth, as observed in PD. Clinical

scanners may avoid such spurious signals in deeper part of the PD images by limiting

the display window size, although not always eliminating the problem particularly

when the vessels themselves are at larger depths.

With increased SNR, CFPD results in improved performance in multiple aspects

over PD. First, slow flow that is below the LOD of PD can be detected using CFPD,

where it was shown that velocities approximately 50% lower than the LOD of PD

could be detected, depending on SNR. Such an improvement may enable flow de-

tection with velocities of 3-10 mm/s for the imaging frequencies and probes utilized

in these experiments. Recent development in Doppler imaging enables detection of

flow at such velocities either with high-frequency (15 MHz) acoustic pulses [74], and

thus has low penetration depth and low SNR due to the plane-wave transmit tech-

nique used, or with contrast agents [75]. However, the results presented in this paper

demonstrate that improved detection can be obtained without a loss in penetration

depth or by utilizing additional contrast agents. This method can also utilize exist-

ing beamforming methods, such as higher harmonic imaging or synthetic aperture

imaging, to obtain further enhancements.

The source of CFPD performance improvement demonstrated here is the suppres-

sion of thermal noise, which is spatially and temporally incoherent. We anticipate
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that stationary clutter, which has lower spatial coherence than flow signal, will also

be suppressed with CFPD, but this was not analyzed in detail here. Slow flow signal

is highly coherent temporally. As flow speed increases, the temporal coherence of

the flow signal decreases, and flow signal appears more similar to thermal noise in

its temporal aspect. The sum of N temporally coherent signals (e.g. slow flow sig-

nal) increases by a factor of N, whereas the sum of N temporally incoherent signals

(e.g. thermal noise or fast flow signal) increases by a factor of
?

N. Therefore, if the

impact of ensemble lengths on filter performance is ignored, the SNR of PD images

increases proportional to
?

N for slow flow cases, and approaches a constant for fast

flow cases. The SNR of CFPD is similarly affected. However, due to the suppression

of noise, the SNR of CFPD is higher than PD and therefore reaches a constant SNR

value much quicker than PD when flow speed is increased (see Fig. 2.6). As shown

in Section IV for physiological cases, the SNR of CFPD method is still higher than

the conventional PD method because of the suppression of noise.
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Figure 2.17: Lateral side lobes in CFPD images, produced with high flow velocity
(30 mm/s), an ensemble length of 15, and two different channel noise levels (0 dB
and -20 dB). The curves represent the lateral cross-sections of at the center of vessels
in the simulation results. For the low noise case (-20 dB), side lobes can be observed
near ˘3 mm lateral locations. The magnitude of the side lobes are approximately 60
dB below flow signal level. With higher noise (0 dB), the side lobes are not present.

It is worth mentioning that, in the case of low channel noise and high flow signal,
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lateral ”side lobes” can be observed in the CFPD images. These side lobes appear

because of re-correlation of the strong off-axis blood signal. The lateral cross-sections

of simulated flow signals at the center of vessels produced with 30 mm/s flow, an

ensemble length of 15, and two different channel noise levels (0 dB and -20 dB)

are shown in Fig.2.17. ”Side lobes” are visible for the -20 dB noise case near ˘3

mm lateral locations. These side lobes reduce SNR of the CFPD images. However,

the magnitude of the side lobes is 60 dB below the flow signal. These side lobes

are lower than the typical display range of Doppler images. In addition, the ”side

lobes” appear only when the channel noise is relatively low (-20 dB relative to blood

signal) and the flow velocity is high, because with higher noise, the off-axis signal

is overwhelmed by the thermal noise. At these high velocities and low noise levels,

however, there is less need for CFPD, because the vessels are often detectable by

normal methods.

A second improvement that may have greater value for clinical applications is the

higher frame rate afforded by CFPD. Due to the improvement in SNR, CFPD can

use an ensemble length of 3 to 7 to produce the same quality of Doppler image as

PD with an ensemble length of 15. The significance of this result is that, assuming

negligible computational time, CFPD can perform Doppler imaging at a frame rate

3 times higher PD with less degrading effects from noise.

CFPD utilizes an identical acquisition sequence as PD, and produces Doppler

images with comparable scale. Therefore, CFPD is portable to clinical scanners.

In addition, CFPD is not dependent on a specific acquisition sequence and thus is

not limited to the sequences demonstrated in this work. As with SLSC imaging,

which has been shown to perform well in harmonic imaging [35] and synthetic aper-

ture imaging [66], CFPD can utilize the RF channel data from other types of power

Doppler imaging methods to produce CFPD images. For example, it can take ad-

vantage of the latest developments in Doppler sequence design [43, 62] to further
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increase frame rate. It is demonstrated that CFPD can be utilized in conjunction

with the plane-wave transmit coherent angular compounding technique. Previously,

plane-wave transmit coherent angular compounding was demonstrated at superfi-

cial depths due to its need for high transmit frequency (e.g. 15 MHz) and short

time interval between two transmit events. Fig. 2.16 demonstrates flow detection in

deep human body (6.7 cm) with plane-wave transmit coherent angular compounding,

which has traditionally been limited to shallow depths [43], and shows that CFPD

is a method that can be utilized in conjunction with novel imaging sequences. The

flexibility of CFPD may allow wider use of in both the clinical and research settings.

2.6 Conclusion

We have presented a method of flow detection using the spatial coherence of backscat-

tered ultrasound echoes, called Coherent Flow Power Doppler (CFPD). This method

utilizes the same acquisition sequence as conventional power Doppler, and produces

images with 15-25 dB higher SNR. CFPD enables slow flow detection approximately

50% lower than the limit of conventional power Doppler, using the same sequence

and filter parameters. Alternatively, it can perform Doppler imaging with a frame

rate 3 times higher than conventional power Doppler imaging with comparable image

quality. The CFPD method shows promise for clinical applications.
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3

Visualization of Small-Diameter Vessels by
Reduction of Incoherent Reverberation with

Coherent Flow Power Doppler

This work was originally published in [2] :

Li, Y. L., Hyun, D., Abou-Elkacem, L., Willmann, J. K., & Dahl, J. J. (2016).

Visualization of small-diameter vessels by reduction of incoherent reverberation with

coherent flow power Doppler. IEEE transactions on ultrasonics, ferroelectrics, and

frequency control, 63(11), 1878-1889.

3.1 Introduction

Power Doppler (PD) imaging is a widely used technique for flow detection and mon-

itoring in various organs [50–52, 67]. Conventionally, PD imaging detects the tem-

porally varying components of backscattered echoes from blood. It provides higher

sensitivity to slow flow than color Doppler imaging at the expense of flow velocity

and direction information.

Despite its higher sensitivity than color Doppler imaging, limitations exist in the
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clinical application of PD imaging. For example, the frame rate of PD imaging is

low, because it requires an ensemble length of 8 to 16 pulses in order to provide ef-

fective detection of flow. Other limitations include thermal noise and motion artifact

that may obscure the vasculature and long transmit pulse lengths that limit resolu-

tion. Other limitations exist in the ability of PD in the detection of slow flow and

small vessels. These limitations are associated with the noise sources of PD images,

because the contrast of PD images is determined by the power of the temporally

changing signal produced by backscattered waves from blood relative to the power

of background noise.

Two major noise sources exist in flow imaging: thermal noise, and clutter. Ther-

mal noise is associated with the electronics of the scanner and remain at the same

level as depth increases. Because the echo signal strength decreases with depth due

to frequency dependent attenuation, thermal noise causes the decrease in SNR with

depth. The classic Doppler clutter is stationary or slowly changing clutter, referring

to any unwanted signal that is temporally stable (i.e. high temporal coherence) over

the Doppler ensemble, which obscures signals from blood and other clinical targets.

This is often stationary tissue signal, referring to the typical single scattering event

in pulse-echo ultrasound. It is spatially coherent in the aperture domain and tem-

porally coherent in the slow time domain. In small vessel imaging, however, tissue

clutter can also have relatively low temporal coherence because the flow associated

with small vessels may be slow and the clutter motion may overlap the blood signals

in the temporal frequency domain. Another type of clutter is reverberation clutter,

referring to the unwanted image signal produced by multiple reflections or multipath

scattering. Reverberation clutter can be distinguished by its spatial coherence prop-

erties in the aperture domain. In Dahl and Sheth [17], the two different types of

reverberation clutter are described as coherent and diffuse, refer to spatially coher-

ent and spatially incoherent signals in the aperture domain, respectively. Coherent
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reverberation occurs when there is a multiple reflection event between specular re-

flecting boundaries. Diffuse reverberation is spatially incoherent and is produced by

the multipath scattering in subcutaneous or other inhomogeneous tissue layers.

In the following text, we define clutter according to their different origins and

spatial coherence properties. Table 3.1 summarizes the four categories of clutter

in Doppler imaging according to their spatial coherence in the receive aperture do-

main and temporal coherence in the slow time domain. Type I clutter has high

spatial and temporal coherence, and include stationary tissue clutter and stationary

coherent reverberation clutter. Type II clutter has high spatial coherence and low

temporal coherence and is generated by fast moving tissue or moving specular re-

flecting boundaries. Type III clutter has low spatial coherence and high temporal

coherence and is produced with stationary diffuse-reverberation-clutter-generating

layers. Type IV clutter has low spatial and temporal coherence and is generated by

moving layers and has low temporal coherence.

PD imaging relies on high-pass and band-pass filters to suppress noise. However,

thermal noise is a white noise process, and thus cannot be effectively suppressed by

the high-pass and band-pass filters. In addition, for slow flow detection, the filters

have very low cut-off frequencies so as not to attenuate the signal produced by slowly

flowing blood. In such cases, the filter is only capable of suppressing clutter with

high temporal coherence (Type I and III), and is not able to effectively suppress

Type II and Type IV clutter because of the overlap in tissue or reverberation motion

and blood scatterer movement. If the power of the thermal noise or clutter is close to

or greater than the power of the blood signal, PD imaging has limited performance

in the detection of slow flow and small vessels.

One recent advancement in PD imaging is the ultrafast Doppler imaging tech-

nique [74], which combines the plane-wave synthetic transmit focusing technique

and PD imaging. This technique utilizes plane wave transmits at multiple angles to
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Table 3.1: Clutter categories according to their temporal and coherence properties
Temporal coherence

high low

Spatial coherence
High

Type I Type II
Stationary tissue clutter Moving tissue clutter
or coherent reverberation or coherent reverberation

Low
Type III Type IV

Stationary diffuse reverberation Moving diffuse reverberation

coherently synthesize radio-frequency (RF) signals or IQ signals that have similar

quality as those of conventional focused transmit. PD processing is then applied

to the ensemble of coherently synthesized RF signals. Because a smaller number of

plane-wave transmits than focused transmits are used for the same field-of-view, the

technique reduces acquisition time for each packet in the ensemble while maintaining

a similar pulse repetition rate, and enables the acquisition of a very large ensemble

length (on the order of 200) for Doppler imaging [74], thus producing high quality

PD images. The large ensemble length also enables the use of a spatiotemporal fil-

ter [76], which is effective at suppressing tissue motion signals. The technique has

been applied to rat brain imaging at a frame rate of 1.42 Hz [77], as well as neonatal

brain imaging [78]. However, ultrafast Doppler imaging is still limited at large imag-

ing depths, where focusing quality and image SNR must be traded off to maintain

frame rate or ensemble length.

Improvement of PD imaging in slow flow and small vessel detection, including

those at large depths, e.g., placental vasculature detection and focal liver lesion flow

detection, is desirable. Placental vasculature play critical roles in placental devel-

opment in the early gestation period. The absence of growth of the spiral arteries

of the placenta is thought to lead to early-onset preeclampsia, intrauterine growth

restriction (IUGR), and early pregnancy loss [79]. However, the observation of these

vessels in the human placenta has been challenging. Histological assessment of pla-
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cental vasculature [79,80] suggests that the vessel sizes within the placental bed are

within the diffraction limits of ultrasound imaging. However, current Doppler imag-

ing technology has been unable to directly visualize the remodeling process of the

spiral arteries due to the slow blood flow within these arteries. Direct visualization

of spiral artery remodeling could be used to assess the relation between preeclampsia

and IUGR and the spiral arteries, but PD has been limited in its ability to detect

the small-diameter vessels in the placental vasculature [81,82]. Although effects have

been made to detect the blood flow withing the placenta of rabbits [83], it is challeng-

ing to translate scientific discovery from lower order organisms, including rabbits, to

humans, because the placenta is strikingly distinct in humans when compared with

other animals. Three-dimensional (3D) ultrasound power Doppler has been demon-

strated to provide more information than 2D power Doppler, but can only detect

the ends of spiral arteries rather than the entire spiral arteries [84], which limits its

diagnostic value. In addition, PD is unable to provide adequate detection of flow

in focal liver lesions [85, 86]. The perfusion characteristics in focal liver lesions may

provide definite differentiation of liver tumor, even when other characteristics of the

lesions are similar [86,87]. However, due to the poor flow signal, power Doppler has

low sensitivity and specificity in the detection of flow in focal liver lesions. Currently,

sonographers rely on micro-bubbles as contrast agents for Doppler imaging in the

assessment of focal liver lesions [85, 88–90], which can only detect flow in focal liver

lesions with diameters above 3 mm [91].

Coherent Flow Power Doppler (CFPD) imaging has been proposed to circumvent

some of the limitations of PD imaging with respect to noise to improve sensitivity [92],

and has been demonstrated to detect flow with velocities approximately 50% lower

than the limit of conventional power Doppler. CFPD imaging detects flow from the

spatial coherence of backscattered acoustic waves from blood. The method utilizes

the short-lag spatial coherence (SLSC) beamformer, which was recently introduced
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as an alternative beamforming method that produces images similar to those of

delay-and-sum (DAS) beamformers. The SLSC imaging method suppresses spatially

incoherent noise, such as thermal noise and reverberation clutter, and produces im-

ages with higher speckle SNR and higher contrast-to-noise ratio (CNR) compared

to DAS beamforming [30, 31]. Because the method replaces the DAS beamformer,

it can be extended to harmonic spatial coherence imaging [35], synthetic aperture

SLSC imaging [66], flow imaging [92], and a number of other ultrasound imaging

modalities that use DAS beamforming. The CFPD method rejects signals that pass

through the wall filter based on a different property of the signal, therefore work

in conjunction with the wall filter rather than as a replacement to existing wall fil-

ters. However, because phase information is lost after SLSC beamforming, it has

limited applications in detecting velocity magnitude and direction. In addition, it is

worth noting that CFPD only suppresses noise sources that are spatially incoherent,

including thermal noise and diffuse reverberation clutter (i.e., Type III and Type

IV clutter), but not stationary or moving tissue clutter or coherent reverberation

clutter (Type I and II). Advanced filters, including the spatiotemporal filter [76] and

the blind-source separation filter [93], can be used to suppress clutter signals with

high spatial coherence but low temporal coherence. Because blood signal is similar

to Type II clutter in therms of coherence, this would require other adaptive filtering

techniques.

CFPD does not rely on a specific transmit focusing technique, so it can be applied

in conjunction with conventional or synthetic focusing, including plane wave transmit

and virtual source techniques. After channel data is acquired, the time-delayed RF

channel signals are filtered across the slow-time dimension on a per-channel basis to

remove stationary signal and slowly moving tissue signal.

In our previous study, we have shown that CFPD is less susceptible to thermal

noise in flow detection than PD imaging in major vessels [92]. An improvement of
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15-25 dB in Doppler SNR was observed with CFPD, as compared with PD. The SNR

improvement enables CFPD to detect flow with velocities 50% lower than the limit

of PD, or to provide a frame rate that is 3 times that of PD. However, the impact of

reverberation clutter was not previously assessed. The impact of incoherent rever-

beration clutter generated by near-field tissue layers are often further complicated

by motion artifacts due to patient breathing or transducer motion. The relative mo-

tion between the near-field tissue and transducers may create a temporally changing

reverberation clutter, which is challenging for high-pass filters to suppress if the ve-

locity of such motion is close to the velocity of the slow blood flow. In this study, we

demonstrate performance CFPD in slow flow and small vessel detection, and char-

acterize its performance in the presence of thermal noise, reverberation clutter, and

motion artifact with simulations, flow phantom studies, and in-vivo animal studies.

Because CFPD is capable of suppressing spatially incoherent noise, it is hypoth-

esized that, for small vessel imaging, CFPD will produce higher Doppler image SNR

than PD in the presence of noise and artifacts induced by near-field clutter sources.

Preliminary results of this study were presented in Li and Dahl [94], which only

explored the performance of CFPD in detecting cross-sections of small vessels. Here,

we expanded our analysis to longitudinal sections of small vessels, and include a more

extensive framework of our simulations, including tissue motion, and demonstrate

the method in phantoms and in-vivo studies on small diameter vessels.

3.2 Methods

3.2.1 Principles of CFPD

A CFPD pulse sequence collects an ensemble of RF channel data in the same manner

that PD collects an ensemble of beamformed RF signals [92]. Received RF channel

data are then time-delayed and filtered across the ensemble dimension with a high-

pass or band-pass filter to remove stationary tissue signal. The filtered RF channel
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data for each scan are processed using the SLSC beamformer [30]. The SLSC method

computes the normalized covariance of the signals received on every pair of trans-

ducer elements, denoted by sipnq for element i and si`mpnq for element i ` m of

the transducer, in which n is the fast-time index. The normalized covariance of the

signal is defined as

R̂pmq “
1

N ´m

N´m
ÿ

i“1

řn2

n“n1
sipnqsi`mpnq

b

řn2

n“n1
s2
i pnq

řn2

n“n1
s2
i`mpnq

, (3.1)

in which m, defined as lag, is the spacing between elements. N is the number

of transducer elements in the active aperture and is determined by the F-number

and focal depth of the system, and n2 ´ n1 is the kernel size for cross-correlation

calculation.

The SLSC metric is computed by summing the spatial correlation values produced

with Equation (3.1) over M lags

Vslsc “
M
ÿ

m“1

R̂pmq, (3.2)

where M is an integer number of elements, corresponding to approximately 5-30% of

the size of the transmit aperture.

A modified Loupas power estimator is then applied to the SLSC metric data to

produce CFPD image:

CFPDpx, zq “
P
ÿ

p“1

V 2
slscpx, z, pq, (3.3)

where Vslscpx, z, pq is the SLSC signal calculated with Equation (6.2) for the pth

acquisition, px, zq are the spatial coordinates, and P is the ensemble length used in

the estimator. Equation 6.3 is the power of the integrated normalized and windowed
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spatial correlation function (i.e., the power of the SLSC beamformed data). Note

that the original power Doppler estimator by Loupas et al. [95] is

PDpx, zq “
z`∆z
ÿ

z“z´∆z

P
ÿ

p“1

S2
px, z, pq, (3.4)

in which, Spx, z, pq is the delay-and-summed RF signal, and ∆z is the axial averaging

kernel length. The estimator used for CFPD differs from the original Loupas power

estimator, which employs axial averaging. Axial averaging is not used in the power

estimation of CFPD, because it is already applied in the SLSC beamformer as shown

in Eq. 3.1.

3.2.2 Image Quality Evaluation

The SNR of the Doppler images were measured as the root-mean-square (RMS)

power of the signal in the vessel relative to the RMS power of background noise [92].

SNR “ 20 ¨ log10

¨

˝

b

1
Npixel

¨
řNpixel

i“1 I2
sigpiq

b

1
Npixel

¨
řNpixel

i“1 I2
bkgdpiq

˛

‚, (3.5)

in which, Isigpiq and Ibkgdpiq are the pixel values of the ith pixel in the vessel region,

and the ith pixel in the background region, respectively, in the CFPD and PD images.

Npixel is the total number of pixels in each region used for the SNR measurement.

3.2.3 Field II Simulations

Field II [68,69] simulations were performed to observe the performance of CFPD as

a function of vessel diameter under different noise conditions. A 7.5 MHz, 0.2 mm

pitch, 128 element linear transducer was used to simulate a longitudinal view of 0.2-

to 2-mm-diameter vessels. The vessels were embedded in homogeneous scatterers at 3

cm depth with a 30˝ angle to the axis. To simulate blood, scatterers within the vessel
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were given a scattering amplitude 60 dB lower than the surrounding tissue scatterers.

Blood flow was simulated with the scatterers moving at 10 mm/s along the vessel

axis. The scatterer density for both the blood and the surrounding tissue was 20

scatterers per resolution voxel. Five different speckle realizations were generated and

used in each case of the simulations.

Two imaging sequences were utilized in the study: a conventional focused trans-

mit (FT) sequence, and a plane wave synthetic transmit focusing (PWT) sequence

[96]. For both sequences, 3-cycle pulses are used for Doppler pulse transmissions. In

the FT sequence, transmit pulses were focused at 3 cm depth at the center of vessel

with an F-number of 2. 50 beams were formed with 0.25 mm beam spacing. For

each lateral location in the image, an ensemble of 15 A-scans were acquired at an

fprf of 1 kHz with a sampling rate of 40 MHz. The PWT sequence fires 17 transmit

plane wave pulses using the entire aperture. The plane waves have an angular spac-

ing of 1 degree, covering a ˘8˝ range. The plane wave firing frequency is 17 kHz,

corresponding to a Doppler pulse repetition frequency of 1 kHz [74] and a maximum

imaging depth of 44.8 mm. In the PWT case, the RF channel data acquired from

different transmits are first time-delayed and then added coherently to produce syn-

thetic transmit aperture channel data. An ensemble length of 15 was obtained. Data

were sampled at 40 MHz and dynamically focused on receive.

Thermal noise was simulated by adding white Gaussian noise at levels of -20

to 20 dB relative to the blood signal (i.e. -80 to -40 dB relative to the stationary

tissue signal). A 2-tap projection-initialized Butterworth filter [46, 97] with a cutoff

frequency of 5 Hz was used to remove stationary clutter. The projection-initialization

of the filter removes the components of the output signal in the transient subspace

and improves the performance of the filters when only a small ensemble length is

used [46]. The filtered data were then processed to produce CFPD images, as well

as conventional PD images with the same parameters for comparison. In the CFPD
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processing, a maximum lag (M) of 20 was used. The cross-correlation kernel size

is chosen to be 1.5 times the wavelength. Shorter kernel length would induce higher

jitter for the normalized cross-correlation computation, while longer ones would cause

deterioration of resolution without providing significant reduction in jitter [98].

3.2.4 Full-wave Simulation Studies

Full-wave simulations were conducted to study the performance of CFPD in the pres-

ence of reverberation clutter created by abdominal tissues with physiological motion.

Motion is a significant challenge in Doppler imaging, especially when blood flow is

slow, because the spectra of blood flow signals and tissue motion signals or clutter

signals created by moving abdominal layers may overlap and is not separable by

conventional high-pass filters. Tissue motion signals can be effectively suppressed

using advanced filters, including adaptive clutter filtering based on blind source sep-

aration [93] and spatiotemporal filtering [76]. These filters can separate blood flow

signals and the signals created by the backscattering of moving tissue near the vessel,

because blood flow signals have lower spatial coherence than tissue motion signals.

However, because reverberation clutter signals created with moving abdominal lay-

ers also have lower spatial coherence than tissue motion signals, the blind source

separation filter or the spatiotemporal filter may not be fully effective in suppression

of such clutter signals.

The full-wave simulation numerically solves the Westervelt equation, simulating

wave propagation through heterogeneous media including multiple scattering and

nonlinear wave propagation [99]. A two-dimensional (2D) human abdominal tissue

model developed by Mast et al. [100] was used to generate reverberation clutter.

Aberration was excluded from the simulations by using an isovelocity method and

acoustic properties (e.g., speed of sound, attenuation, density and nonlinear proper-

ties) described in Pinton et al. [101]. In addition, the amplitude of the reverberation
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clutter signal was varied by adjusting impedance mismatch of the tissue layers from

0% to 300% of the nominal values to explore the impact of clutter strength on the

performance of Doppler imaging. Five different speckle realizations were generated

and used in the simulations.

The tissue and vessel simulation model is illustrated in Fig. 3.1. The abdominal

layer has a thickness of approximately 2 cm. A 1.8-mm diameter vessel is placed

below the abdominal layer, centered at a depth of 3 cm and tilted at an angle of 30˝

relative to the azimuth. Blood flow at 10 mm/s is generated by translating the scat-

terers along the vessel axis. Physiological motion is also simulated. In practice, trans-

ducer motion from the sonographer and physiological motion from patient breathing

or muscle vibration when breath is held limits the detectable velocities [102]. The

involuntary oscillation of muscle under sustained contraction has a frequency of ap-

proximately 10 Hz and a maximum velocity of approximately 1.6 mm/s [102], and

adult breathing has a frequency of 0.2 to 0.3 Hz [103] with an abdominal displace-

ment of approximately 6 mm [104]. Because the physiological motion frequencies are

much lower than the Doppler pulse repetition rate of the sequence, the tissue motion

can be considered linear during each acquisition. In the simulation, physiological

motion was created by adding an axial linear motion of 0-3 mm/s of the clutter

generating tissue layer, covering the velocity range from no motion to the maximum

velocity of the superposition of the transducer motion and patient breathing or mus-

cle vibration. The model was imaged with a focused transmit sequence having a

transmit center frequency of 2.5 MHz, a pulse length of 3 cycles, and an ensemble

length of 15. The received data for each channel was sampled at 20 MHz, and white

Gaussian noise at the level of 0 dB relative to blood signal was added to simulate

thermal noise. The channel data was then filtered with a spatiotemporal filter [76]

to remove tissue motion signals. Then the data were processed with both PD and

CFPD techniques. In the CFPD processing, a maximum lag (M) of 20 was used.
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Figure 3.1: Illustration of the tissue model and vessel location in the full-wave
simulations. In the original tissue model from Mast [100], different tissue types
correspond to different speeds of sound (shown with gray scale values in the figure),
densities, absorption coefficients, and nonlinear coefficients. The red area in the
figure indicates the center and angle of the vessel used in the simulations. The three
white dashed boxes from top to bottom represent the approximate sample locations
for clutter signal, flow signal, and background signal, respectively, in the SNR and
SCR measurements.

The Doppler image SNR was measured for both cases. The cut-off threshold of the

filter was adjusted to maximize the SNR of the Doppler images. In addition, the

signal-to-clutter ratio (SCR) was also measured as the ratio of the RMS power of the

flow signal to the reverberation clutter appearing above the vessel. The computation

of SCR is the same as SNR shown in Eq. 3.5, except that the sample location for

the noise is different. The approximate sample locations for signal, background, and

clutter are shown in Fig. 3.1 with white dashed boxes.

3.2.5 Flow Phantom Experiments

Experimental studies were conducted to study the performance of CFPD in small

vessel detection in the presence of near field reverberation clutter and aberration. All

experimental studies were done on a Verasonics Vantage 256 research scanner (Ve-
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rasonics, Inc., Redmond, WA) and an L12-3v linear transducer. In the experiments,

128 transducer elements were used to transmit a 4.8 MHz 8-cycle pulse. The flow was

generated with an IDEX ISM596D flow pump (Oakharbor, WA 98277 USA) through

a 2-mm diameter vessel tubing in an ATS flow phantom (Model 527 Bridgeport, CT).

The vessel was angled at 30˝ relative to the phantom surface. The fluid utilized in

the phantom was based on ATS Model 707 Doppler Test Fluid (Bridgeport, CT)

with 3% corn starch to simulate blood scattering. The flow velocity was calibrated

to be 10 mm/s with the method described in [92].

A 1-cm thick porcine abdominal tissue model containing skin, fat, and muscle

was placed between the flow phantom and the transducer to generate reverberation

clutter in the flow images. Control images were obtained by placing the transducer

directly upon the flow phantom, with reflective index matching gel between the

transducer and the phantom.

In both experiments, longitudinal sections of the vessel at approximately 3.5 cm

depth were acquired with a plane-wave synthetic transmit focusing sequence. Similar

to the transmit sequence in the simulations, 17 transmit angles with 1 degree spacing

were used, corresponding to a transmit F-number of 3.5. The firing frequency of the

plane waves was 8.5 kHz, corresponding to a Doppler pulse repetition frequency of

500 Hz, limited by the hardware of the scanner. A Doppler ensemble of 16 was

created from the synthetic aperture data. The received data were sampled at 31.2

MHz, and then synthetically focused. The focused data were then filtered at a cut-off

frequency of 12.5 Hz with the same filter described in the Field II simulation section

and processed with the same methods described in the simulation studies to produce

CFPD and PD images. The SNR of the images were then measured using Eq. 3.5.
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3.2.6 In-vivo Animal Experiments

A porcine study was conducted to demonstrate the feasibility of CFPD for in-vivo

small vessel detection. The study was approved by the Institutional Animal Care and

Use Committee (IACUC) of Stanford University (IACUC 25727). Three 12-week-

old female pigs (Yorkshire; Pork Power Farms, Turlock, CA; approximate weight, 31

kg) were used in this study. The animal was housed in an Association for Assess-

ment and Accreditation of Laboratory Animal Care-accredited and U.S. Department

of Agriculture-registered facility, and fed a commercially prepared balanced ration

(Natures Match Sow and Pig Complete; Purina Mills, St Louis, Mo) ad libitum.

The pig was sedated with tiletamine hydrochloride and zolazepam hydrochloride

(each at 8 mg/kg, Telazol; Pfizer, New York, NY), and anesthetized with 2%-4%

isoflurane in oxygen (2 L/min). The pig was placed in supine position for ultrasound

imaging, which was performed by a board-certified radiologist (JKW). The femoral

vein and artery of the pig were targeted using the plane-wave synthetic transmit

focusing sequence on the Verasonics Vantage 256 scanner described in the phantom

experiments. Plane waves with a center frequency of 4.8 MHz were steered at 7

angles covering a range of ˘3˝ with a maximum imaging depth of 4.5 cm. The

Doppler pulse repetition rate was 500 Hz. All other parameter were similar to the

flow phantom studies. Received radio-frequency (RF) channel data were acquired

and processed in the same way as used in the flow phantom experiments.

3.3 Results

3.3.1 Field II Simulations

Fig. 3.2 (a) and (b) present a comparison of simulated CFPD and PD images of

1.6 mm diameter vessels with two different channel SNR levels (0 dB and -20 dB,

respectively, relative to blood signal). These images are from simulations using a
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Figure 3.2: Simulated CFPD and PD images with conventional focused transmits,
and center axial cross-sections of the images. For each set in (a) and (b), the CFPD
image is on the left, and the PD image is on the right. (a) 0 dB channel SNR;
(b) -20 dB channel SNR; (c) Center axial cross-sections of the images (a) and (b).
The dashed lines in (a) and (b) indicate the approximate azimuthal locations of the
cross-sections.

conventional FT sequence, and are displayed with a dynamic range of 30 dB. The

images in (a) were produced with 0 dB channel SNR. At this channel SNR level, both

CFPD and PD produce vessel images with high Doppler image SNR. The images

in (b) were produced with -20 dB channel SNR. It can be seen that at this SNR

level, PD begins to degrade and generates spurious background signal, making it

more difficult to observe the vessel. CFPD produces a clear image of the vessel free

from background noise. Fig. 3.2 (c) shows the center axial cross-sections of the

images in Fig. 3.2 (a) and (b). CFPD shows approximately 20 dB improvement

in SNR. In addition, for the -20 dB channel noise case, the vessel signal of PD
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Figure 3.3: Simulated CFPD and PD images with the plane wave synthetic trans-
mit aperture sequence. (a) CFPD and PD images produced from data with 10 dB
channel SNR. (b) CFPD and PD images produced with data containing 5 dB channel
SNR. The dashed lines in (a) and (b) indicate the approximate azimuthal locations
of the cross-sections.
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Figure 3.4: SNR of simulated CFPD and PD images. The curves represent the
average measurement from the 5 speckle realizations, and the error bars represent
the standard deviation of the measurements. (a) and (b) are from the FT sequence
simulation; (c) and (d) are from the PWT case. (a) and (c) plot Doppler image SNR
as functions of vessel radii, with a channel SNR level of -10 dB for (a) and 10 dB for
(c) relative to blood signal; (b) and (d) presents the Doppler image SNR as functions
of channel SNR for the 1.6 mm diameter vessel.
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is indistinguishable from background noise, but the vessel signal in CFPD is well

separated from the background noise.

Fig. 3.3 (a) and (b) show simulated CFPD and PD images of a 1.6 mm diameter

vessel, using the PWT sequence. Images produced with 10 dB and 5 dB channel SNR

are presented. In the 10 dB case, both CFPD and PD generate enough contrast to

adequately visualize the vessel. In the 5 dB case, the CFPD image has higher SNR

than PD image, although it may be more easily visualized by reducing the display

dynamic range.

Fig. 3.4 presents the quantitative SNR measurements of the simulated CFPD

and PD images as a function of vessel diameter and SNR. Fig. 3.4 (a) and (b) are

from a conventional FT sequence, and Fig. 3.4 (c) and (d) are from a PWT sequence.

Fig. 3.4 (a) and (c) show SNR as a function of vessel diameter with a channel SNR

of -10 dB and 10 dB, respectively, and Fig. 3.4 (b) and (d) show SNR as a function

of channel SNR for the 1.6 mm diameter vessel. A typical improvement of 10-30

dB in Doppler image SNR can be obtained with CFPD compared to PD with these

imaging conditions

3.3.2 Full-wave Simulations

Fig. 3.5 shows the images and quantitative measurements on image quality from the

full-wave simulations with an abdominal layer model at various simulated physiolog-

ical motion velocities. Fig. 3.5 (a) shows the CFPD and PD images produced with

60 dB channel SNR and tissue clutter created with 60% of the nominal impedance

mismatch of the abdominal tissue model and 0 mm/s tissue motion. The white, red,

and blue squares indicate the approximate sample locations for flow signal, back-

ground signal, and clutter signal, respectively, in the SNR and SCR measurement.

Fig. 3.5 (b) shows the CFPD and PD images produced with the same tissue model

as (a), and 3 mm/s tissue motion. The display dynamic range for the images is 50
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(a) Full-wave simulation with
no tissue motion.

(b) Full-wave simulation with 3
mm/s tissue motion.
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Figure 3.5: (a) The CFPD and PD images from full-wave simulation produced with
no clutter motion. Clutter is generated with impedance matches that are 60% of the
nominal values of the human model. The white, blue, and red squares indicate the
approximate sample locations for flow signal, background signal, and clutter signal,
respectively, in the SNR and SCR measurements. (b) The CFPD and PD images
from full-wave simulation produced with 3 mm/s clutter motion. (c) Center axial
cross-sections of the images in (a) and (b). The green dashed lines in (a) and (b)
indicate the approximate azimuthal locations of the cross-sections. (d) Doppler SNR
for the PD and CFPD images as a function of clutter level, created with impedance
mismatch of 0-300% of the nominal values, for three different simulated physiological
motion velocities: 0 mm/s, 2 mm/s, and 3 mm/s. (e) Signal-to-clutter ratio (SCR)
as a function of impedance mismatch for three different motion velocities. In (d) and
(e), the curves represent the average measurement from the 5 speckle realizations,
and the error bars represent the standard deviation of the measurements.
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dB. Fig. 3.5 (c) shows the measured SNR of the images as a function of impedance

mismatch (0-300% of the nominal values) with two simulated physiological motion

velocities: 0 mm/s, 2 mm/s, and 3 mm/s. Fig. 3.5 (d) shows the measured SCR of

the images as a function of impedance mismatch for the same parameter ranges as

in Fig. 3.5 (c).

In Fig. 3.5 (a), for the 0 mm/s case, the vessel is visible in both CFPD and PD

images. For the 3 mm/s case in Fig. 3.5 (b), strong reverberation clutter from the

tissue layer is visible above the vessel for the PD image. In addition, the background

noise has increased in the PD image. The reverberation clutter in the CFPD image

is low. Fig. 3.5 (c) shows that for all motion velocities, the SNR of the the CFPD

images remain higher than the SNR of the PD images with a maximum improvement

of approximately 25 dB. Fig. 3.5 (d) shows that the SCR of the CFPD images is

higher than the SCR of the PD images by approximately 20 dB. The SNR and SCR

of the CFPD images with no motion decrease slower than those of the PD images as

impedance mismatch increases, indicating that CFPD is less susceptible to clutter

noise than PD. As tissue motion velocity increases, the SNR and SCR of CFPD

images decrease at a similar rate as the PD images, but remain 20-30 dB higher than

those of the PD images, even when the spatiotemporal filter is applied to remove

tissue motion signals.

3.3.3 Flow Phantom Experiments

Fig.3.6 (a) shows one example of CFPD and PD images from the control phantom

with no reverberation clutter. The dynamic range for both images is 25 dB. Both

CFPD and PD images adequately show the vessel with a few minor differences. In

Fig.3.6 (b), the center axial cross-section of the image is shown, where CFPD shows

a lower noise floor by 15 dB.

Fig. 3.7 (b) shows the CFPD and PD images from the phantom studies in
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Figure 3.6: (a) Experimental CFPD (left) and PD (right) images acquired with
a plane wave synthetic transmit aperture sequence on a flow phantom with a 2-
mm diameter vessel with no additional reverberation. The display dynamic range
is 25 dB. The vessel is visible in both images. (b) Axial center cross-sections of the
CFPD and the PD images. The white dashed lines in (a) indicates the approximate
locations of axial cross-sections. CFPD shows a noise floor that is approximately 15
dB lower than that of PD.

the presence of a porcine abdominal model, which produces reverberation clutter,

aberration, and attenuation. The abdominal tissue is visible in the shallow part of

the images. The Doppler images are shown with the same dynamic range of 25 dB

as in Fig. 3.6 (a). Fig. 3.7 (b) shows the center axial cross-sections of the CFPD

and PD images. The noise floor in the PD image increases from -35 dB to -25 dB,

while the noise floor in the CFPD image increases by only 3 dB compared to Fig.

3.6 (b). The SNR in the PD image is 15 dB while the SNR in the CFPD image is

35 dB.

3.3.4 In-vivo Animal Experiments

Fig. 3.8 (a) shows one example of the CFPD and PD images from the in-vivo

animal studies. The CFPD image is displayed with 25 dB dynamic range, and the

PD image is displayed with 25 dB and 10 dB dynamic ranges. Two vessels, identified

by the radiologist (JKW) as femoral vein (upper, approximate diameter: 3.0 mm)
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(a) Experimental CFPD (left) and PD (right)
images.

15 20 25 30 35

depth (mm)

-40

-20

0

si
gn

al
 (

dB
)

PD
CFPD

(b) Axial center cross-section of (a).

Figure 3.7: (a) Experimental CFPD (left) and PD (right) images with 25 dB
dynamic range for display. Data were acquired with a plane wave synthetic transmit
aperture sequence on a flow phantom with a 2-mm diameter vessel with reverberation
clutter produced with a 1-cm thick porcine abdominal tissue. The vessel is visible
in both images; however, the noise in the PD image reduces image quality. (b)
Center axial cross-section of the images in (a). The dashed lines in (a) indicates the
approximate locations for axial cross-sections. The PD noise floor increases by 10 dB
from approximately -35 dB to approximately -25 dB, while the noise floor in CFPD
increases by only 3 dB.

and femoral artery (lower, approximate diameter: 2.2 mm), are visible in the CFPD

image. In the PD image with 25 dB dynamic range, the femoral vein at the shallow

depth is visible, but the femoral artery in deeper tissue is obscured by noise. In order

to suppress the noise, the dynamic range was reduced to 10 dB. However, with the

dynamic range of 10 dB, the femoral artery is no longer visible in the PD image.

Fig. 3.8 (b) shows axial cross-sections of the femoral vein at an azimuthal location of

0 mm and femoral artery at an azimuthal location of 10 mm, both near the middle

of the vessels. For the femoral vein, the vessel signal in the CFPD image has an

SNR of 28 dB relative to the background, compared to 11 dB in the PD image.

For the femoral artery, the vessel signal in the PD image is indistinguishable from

background noise, while the signal in the CFPD image has an SNR of 20 dB.
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(a) In-vivo experimental CFPD and PD images.
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Figure 3.8: (a) In-vivo experimental CFPD and PD images acquired from the
porcine model. The CFPD image is displayed with a dynamic range of 25 dB; the
PD image is displayed with two different dynamic ranges: 25 dB and 10 dB. The
two vessels visible in the CFPD image are femoral vein (upper), and femoral artery
(lower). In the PD image with 25 dB dynamic range, excessive noise is visible, and
the femoral artery is obscured by noise. To completely remove the noise in the lower
part of the image, the dynamic range of the PD image has to be reduced to 10 dB.
However, with a dynamic range of 10 dB, the femoral artery is not visible in the
PD image. (b) Axial cross-section of CFPD and PD images at the center of the
femoral vein (upper) and the femoral artery (lower). CFPD shows approximately 20
dB improvement in SNR for both vessels. For PD, the signal of the femoral artery
is close to the noise floor, making the vessel difficult to detect.

3.4 Discussion

In the Field II simulation of the FT case, Fig. 3.4 (a) shows that the Doppler image

SNR is relatively constant with respect to vessel radii, except when the vessel is

smaller than the diffraction limited resolution of the imaging system, which is 0.4

mm for the simulations with focused transmit and 0.7 mm for the simulations with

plane-wave transmit. For vessels that are larger than the resolution limit, CFPD

improves the Doppler image SNR by approximately 30 dB over PD. Fig. 3.4 (b)

shows that the Doppler image SNR for CFPD and PD are functions of channel

SNR. As channel SNR increases from 40 to 80 dB, the PD image SNR increases

linearly. The Doppler image SNR improvement with CFPD is 10-40 dB, depending
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on channel SNR. Although the difference between the CFPD and PD image SNR

decreases when channel SNR is high, for current clinical scanners, the channel SNR

is unlikely to exceed 60 dB, corresponding to a Doppler image SNR of 20-40 dB, and

where methods like CFPD are not needed or have minimal impact. For the PWT

case, Fig. 3.4 shows the similar trend as in the FT case.

In the full-wave simulation studies, physiological motion with clutter generating

abdominal layers is studied. As reported previously, the tissue motion signals can

be effectively suppressed with advanced filters, including the adaptive blind-source

separation filter [93], and the spatiotemporal filter [76], using the higher spatial co-

herence of the tissue motion signals. However, because reverberation clutter signals

produced by the abdominal layers with physiological motion have low spatial coher-

ence [105], they pass through these filters. Fig. 3.5 shows that this reverberation

clutter can be suppressed by CFPD. In Fig. 3.5 (b), the clutter above the vessel

in the CFPD image simulated with 3 mm/s motion velocity is significantly reduced

compared with the PD image. Fig. 3.5 (c) and (d) shows that the Doppler image

SNR and SCR of the CFPD images are higher than the PD images by more than

20 dB for most cases. With no motion, the Doppler image SNR and SCR of the

CFPD images also decrease at a slower rate than those of the PD images with in-

creasing impedance mismatch. This is because the reverberation clutter that has

leaked through the filter has low spatial coherence and can be suppressed by the

CFPD technique. At higher physiological motion velocities, additional reverbera-

tion clutter leaks through the filter, causing the rate of SNR and SCR decrease to

change in CFPD images. These results demonstrate that CFPD and the adaptive

filter are synergistic. Note that the SNR and SCR of the CFPD and the PD images

are affected by a number of factors, including the amount of suppression of inco-

herent noise by the CFPD technique, the velocities of the tissue layer movement,

and the performance of the spatiotemporal filter. The data presented in Fig. 3.5
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are meant to demonstrate examples with parameters close to clinical settings. For

almost all cases, the SNR and SCR of the CFPD images are approximately 15-25 dB

higher than those of the PD images under the same imaging conditions. In addition,

qualitatively, the trend of the SNR curve of the CFPD images agrees with the noise

performance of the SLSC spatial coherence beamformer [31,106], for which the SNR

peaks as noise is increased. This similarity is likely due to coherent tissue signal

leaking through the wall or spatiotemporal filter. As reverberation noise begins to

increase from physiological motion, the incoherent noise dominates the leaked tissue

signal and signal in this region is suppressed by the SLSC beamforming process. Be-

cause the flow signal is strong, the noise has little or no impact on the flow signal. As

the reverberation noise (or impedance mismatch) increases, the leaked tissue signal

is completely overwhelmed by the incoherent reverberation noise and the flow signal

is partially suppressed, decreasing the Doppler SNR.

In the flow phantom studies, as shown in the Fig. 3.6 (a) and Fig. 3.7 (a),

CFPD produces images with no significant loss of image quality, while the PD images

are impacted by thermal noise and reverberation clutter introduced by the porcine

abdominal model. From the center axial cross-sections of CFPD and PD images

shown in Fig. 3.7 (b) and Fig. 3.6 (b), CFPD signals has approximately a 7 dB loss

of SNR, and PD has approximately a 16 dB loss of SNR, demonstrating that CFPD is

less susceptible to the artifacts induced by image degrading abdominal layers, which

produce reverberation clutter, attenuation, and aberration. The impact of these

different image degrading effects were not individually explored experimentally.

The display dynamic range affects the visualization of vessels in both CFPD and

PD images. Extending the dynamic range may reveal vessels with low signal levels;

however, the choice of dynamic range is ultimately limited by the noise floor of the

signal so as to avoid showing background noise as Doppler signals. Therefore, if the

signal of a vessel is close to the noise floor, it cannot be adequately visualized by

69



extending the dynamic range.

In Fig. 3.8 (a), the femoral artery is clearly visible in the CFPD image displayed

with a dynamic range of 25 dB. With the same displayed dynamic range, the artery

is not differentiable from the noise in the PD image. If the dynamic range is reduced

to 10 dB to make the femoral vein in the CFPD and the PD images appear equal,

the artery is not visible in the PD image.

The reason of this can be found in the axial cross-section plots in Fig. 3.8 (b). The

PD signal of the femoral artery is barely above the noise floor and either cannot be

confidently distinguished from noise or the proper dynamic range setting would likely

require extremely fine control. Comparatively, the CFPD signal of the femoral artery

is approximately 20 dB above the noise floor, and can be confidently distinguished

from the noise. Therefore, it is shown that improvement in Doppler image SNR

brings improvement in vessel detection.

In all simulation and experimental studies with PWT synthetic aperture, CFPD

results in 10-25 dB improvement in SNR over PD. The improvement in SNR can

be translated to a reduction of ensemble length and acquisition time without loss

of image quality. For example, assuming all other conditions to be the same, 10

dB SNR improvement is approximately equivalent to averaging 9-10 PD images,

each produced with an ensemble length of 16. Therefore, the SNR improvement

obtained with CFPD has the potential to reduce the amount of data and acquisition

time required to produce high-quality images with FT and PWT synthetic aperture

imaging technique. In addition, the method has also been demonstrated to improve

detection of small vessels by reducing spatially incoherent noise and thus increasing

the ratio of the flow signal to the noise so that the vessels are easier visualized by

the clinician. Therefore, the method would be useful, particularly in imaging small

vessels, such as those in the placenta, and patients with high body mass index (BMI)

that produce significant amounts of reverberation clutter.
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3.5 Conclusion

For small vessel detection, we have shown that the CFPD method produces images

with 15-25 dB higher Doppler image SNR than PD under similar imaging conditions.

The improvement occurs because of suppression of spatial incoherent noise sources,

including thermal noise and reverberation clutter. In the presence of reverberation

clutter with physiological motion, CFPD provides approximately 20 dB improvement

in SNR and SCR. For in-vivo small vessel imaging, the suppression of incoherent noise

including reverberation clutter and thermal noise in high noise environment enables

CFPD to provide more effective detection of vessels in deeper part of the tissue that

are obscured by noise in PD images.
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4

Angular Coherence in Ultrasound Imaging:
Theory and Applications

This work was originally published in [3] :

Li, Y. L., & Dahl, J. J. (2017). Angular coherence in ultrasound imaging: Theory and

applications. The Journal of the Acoustical Society of America, 141(3), 1582-1594.

4.1 Introduction

Plane-wave synthetic transmit aperture (PWT-SA) is an ultrasound imaging tech-

nique that utilizes plane wave transmits at multiple steering angles to form high res-

olution images by synthetically focusing the transmit beam at all image points [96].

In the literature, it is also referred as “coherent plane wave compounding” [96]. The

use of plane waves for transmit is equivalent to imaging with virtual source synthetic

transmit aperture [107,108] with the virtual sources placed in the far field, although in

this case the positions of the virtual elements are unknown. Recently, this technique

has been proposed in a number of applications. For example, it has been used in “ul-

trafast” imaging [12] applications and transient elastography [96], in color-encoded
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speckle imaging [109], to characterize blood flow [12], to analyze speckle coherence in

anisotropic media using backscatter tensor imaging [110], to obtain functional brain

imaging on rodents [74, 111], and more recently in speed-of-sound estimation [112].

Through these applications, PWT-SA has been popularized as a method to achieve

high frame rate synthetic transmit aperture imaging [96,113] to improve image reso-

lution everywhere, and to improve sensitivity in Doppler imaging [12]. Despite of the

large number of applications, the angular coherence property of signals backscattered

from spatially incoherent targets insonified by the plane waves at different transmit

angles has not been elucidated. This property has significant implications in several

applications.

Previous theory on the coherence of medical ultrasound signals was adapted from

the van Cittert Zernike (VCZ) theorem to describe the spatial coherence of backscat-

tered waves in ultrasound imaging [28]. This theory was then utilized by Mallart

and Fink [114] to develop a focusing quality metric for phase aberration estima-

tion to correct phase aberration. Liu and Waag analyzed the assumptions of the

adapted VCZ theorem [64] and used this theory develop a phase aberration correc-

tion method [115]. Pinton further described the impact of phase aberration [116] and

reverberation clutter on the spatial coherence of ultrasound signals [29]. A variety

of techniques utilizing spatial coherence have been developed based on this adapted

theorem. This theory also provides support for other phase aberration correction al-

gorithms, including nearest-neighborhood cross-correlation [117,118], where it shows

that signals received on neighboring elements are highly correlated so that accurate

time-delay estimation can be performed. In addition, the short-lag spatial coher-

ence (SLSC) beamformer uses spatial coherence information to produce images with

better lesion detection than the delay-and-sum beamformer [31, 32]. Flow detection

with the spatial coherence of blood signals has also been utilized to obtain higher

sensitivity of slow flow and small vessels [119,120].

73



However, the current theory of spatial coherence of medical ultrasound signals

does not apply to the coherence of PWT-SA signals obtained with different transmit

angles. The VCZ theorem indicates that the spatial coherence of ultrasound signals

obtained with focused transmit sequences is related to the transmit aperture function.

For plane wave transmits, the effective “virtual transmit sources” are at infinity and

therefore the theory of spatial coherence cannot give a direct result for PWT-SA

signals. The theory proposed by Bottenus et al. [121] on acoustic reciprocity and

spatial coherence explores spatial coherence imaging (SLSC) in the transmit aperture

domain in ultrasound imaging. However, this theory does not hold for PWT-SA and

needs to be generalized to account for synthetic transmit sources at infinity.

This paper presents an analysis on the coherence of the PWT-SA signals in the

framework of the angular coherence theory using the principle of acoustic reciprocity.

The analysis is validated with simulation and experimental data. Furthermore, based

on the angular coherence of the signals, a short-lag angular coherence (SLAC) beam-

former is proposed and compared with the short-lag spatial coherence (SLSC) beam-

former. The potential application of the theory in phase shift estimation and speed

of sound estimation is also discussed. The paper is arranged as follows: Section 4.2

presents the angular coherence theory in the context of medical ultrasound, a sum-

mary of coherent plane-wave compounding sequences, and an analysis of the corre-

lation of coherent plane-wave compounding signals; Section 4.3 provides simulation

and experimental validations of the theory; Section 4.4 introduces two applications

of the theory: the SLAC beamformer and speed-of-sound estimation.

4.2 Theory

The angular correlation function was first introduced by Walther et al. [122] in the

context of optics. The function was later more rigorously defined and studied by

Wolf et al. [123] to describe the angular coherence properties of the optical field
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produced by a spatially incoherent radiation source. In the following section, we

adapt the angular correlation function and the angular coherence theory presented

by Wolf [123] to the angular coherence properties of ultrasonic signals.

4.2.1 Angular Correlation Functions of Backscattered Ultrasound Waves from Speckle
Targets

The field in consideration of the original theory proposed in [123] is generated by

a spatially incoherent source and propagates into a half-plane. In medical ultra-

sound imaging, an isochronous volume of a homogeneous medium of diffuse scatter-

ers insonified by an ultrasound transducer can be considered a spatially incoherent

source [28].

The pressure field at an arbitrary point P “ px, y, zq in the half-space pz ě 0q

where the backscattered ultrasonic wave propagates can be represented as a com-

plex function vpP;ωq in the temporal frequency domain. The angular spectrum

representation of vpP;ωq is [124]:

vpP;ωq “vpx, y, z;ωq

“

`8
ĳ

´8

app, q;ωq exp rik ppx` qy `mzqs dpdq,
(4.1)

where, k is the wavenumber and p, q, and m are normalized spatial frequencies in

the x, y, and z dimension, respectively. p, q, and m satisfy the following equation:

p2
` q2

`m2
“ 1. (4.2)

app, q;ωq is the angular spectrum of the field vpP;ωq. Physically, app, q;ωq exp rik ppx` qy `mzqs

is the complex representation of the plane wave component of the field propagating

at the direction determined by the vector pp, q,mq, and app, q;ωq represents the

complex envelope of the plane wave. In the following, because m can be uniquely
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determined from pp, qq according to Eq. 4.2, the vector ~r “ pp, qq is used to represent

the direction of the plane wave component app, q;ωq exp rik ppx` qy `mzqs in Eq.

4.1.

The angular correlation function App1, q1; p2, q2;ωq is introduced as the cross-

correlation between the complex envelopes of two angular components (i.e., plane

wave components) of the field

App1, q1; p2, q2;ωq “ 〈app1, q1;ωqa˚pp2, q2;ωq〉 . (4.3)

The angular correlation function is closely related to another second-order coher-

ence function, namely the cross-spectral density function. The cross-spectral density

at two spatial locations P1 and P2 is defined as [27].

W pP1,P2;ωq “ 〈vpP1;ωqv˚pP2;ωq〉 . (4.4)

Using the angular spectrum representation of vpP;ωq in Eq. 4.1, the cross-

spectral density function can be written as

W pP1,P2;ωq “

żżżż `8

´8

〈app1, q1;ωqa˚pp2, q2;ωq〉

ˆ exp rik pp1x1 ` q1y1 `m1z1 ´ p2x2 ´ q2y2 ´m2z2qqs dp1dq1dp2dq2

“

żżżż `8

´8

App1, q1; p2, q2;ωq

ˆ exp rik pp1x1 ` q1y1 `m1z1 ´ p2x2 ´ q2y2 ´m2z2qqs dp1dq1dp2dq2.

(4.5)

The cross-spectral density function W pP1,P2;ωq ” W px1, y1, z1;x2, y2, z2;ωq

with respect to x1, x2, y1, y2, can be expressed as a four-dimensional Fourier inte-

gral:

W px1, y1, z1;x2, y2, z2;ωq “

żżżż `8

´8

Ŵ pf1, g1, z1; f2, g2, z2;ωq

ˆ exp ripf1x1 ` g1y1 ` f2x2 ` g2y2qs df1dg1df2dg2,

(4.6)
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where f and g are spatial frequencies and f “ kp, g “ kq.

The Fourier conjugate of the cross-spectral density function W pP1,P2;ωq is:

Ŵ pf1, g1, z1; f2, g2, z2;ωq “
1

p2πq4

żżżż `8

´8

W px1, y1, z1;x2, y2, z2;ωq

ˆ exp r´ipf1x1 ` g1y1 ` f2x2 ` g2y2qs dx1dy1dx2dy2,

(4.7)

Although the Fourier transforms utilized here appear unconventional, their forms

are convenient to solving the angular coherence function and are widely utilized in

statistical optics [27, 123, 125]. A detailed description of these conventions can be

found in Appendix A of Goodman [125].

Comparing Eq. 4.5 and Eq. 4.6, it can be seen that the angular correlation func-

tionApp1, q1; p2, q2;ωq can be expressed as a scaled version of Ŵ pf1, g1, z1; f2, g2, z2;ωq

multiplied by a complex phase factor associated with the positions of the points P1

and P2 in the z dimension.

App1, q1; p2, q2;ωq “ k4Ŵ pf1, g1, z1; f2, g2, z2;ωq exp r´ikpm1z1 ´m2z2qs (4.8)

Eq. 4.8 is valid for any choice of P1 and P2 in the half-plane pz ě 0q in which the

backscattered wave propagates. Consider two points P1 and P2 on the transmit focal

plane pz “ 0q, as shown in Fig. 4.1. The transmit focal plane can be considered as the

source plane for backscattered waves, and these two points P1 and P2 on the transmit

focal plane can be considered as spatially incoherent sources of backscattered waves

[28]. Therefore, for P1 and P2 on the transmit focal plane, where z1 “ z2 “ 0, Eq.

4.8 becomes

App1, q1; p2, q2;ωq “ k4Ŵ pf1, g1, 0; f2, g2, 0;ωq (4.9)

The spatial incoherent property of the diffuse scatterers can be expressed using

the scattering function χpx, y, z;ωq as [28]:

〈χpx1, y1, 0;ωqχ˚px2, y2, 0;ωq〉 “ χ0pωqδpx1 ´ x2qδpy1 ´ y2q, (4.10)
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Figure 4.1: Illustration for the focused-transmit case. The transducer T0 focuses
a transmit beam (shown in blue) at the linear incoherent homogeneous scattering
media (M). The backscattered wave (shown in red) propagates into a half space. In
the far field, the backscattered wave at any direction are plane waves and can be
considered as an angular component of the backscattered wave. Two such compo-
nents corresponding to wave vector k ¨ p1 and k ¨ p2 are shown in the figure. Two
transducers, T1 and T2, can be used to detect the two plane waves. The transmit
focal plane is denoted as z “ 0, and the half-plane where the backscattered waves
propagates is denoted as z ą 0. P1 and P2 are two spatial locations within the
incoherent media on the transmit focal plane.

where, χpx, y, 0;ωq is the scattering function at location P “ px, y, 0q on the focal

plane at frequency ω, and χ0pωq is the frequency-dependent scattering amplitude

for the homogeneous diffuse scattering medium. Physically, Eq. 4.10 indicates that

the cross-correlation of the scattering function of the medium is non-zero only when

the two sample points have the same spatial location. The backscattered field at

location P “ px, y, 0q on the focal plane is vpx, y, 0;ωq “ Hpx, y, 0;ωqχpx, y, 0;ωq,

where Hpx, y, z;ωq is the transmit field at location px, y, zq.
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The cross-spectral density function W px1, y1, 0;x2, y2, 0;ωq on the focal plane is

W px1, y1, 0;x2, y2, 0;ωq “ 〈vpx1, y1, 0;ωqv˚px2, y2, 0;ωq〉

“ 〈Hpx1, y1, 0;ωqχpx1, y1, 0;ωqH˚
px2, y2, 0;ωqχ˚px2, y2, 0;ωq〉

“ 〈Hpx1, y1, 0;ωqH˚
px2, y2, 0;ωq〉χ0pωqδpx1 ´ x2qδpy1 ´ y2q

(4.11)

Therefore, the cross-spectral density function W px1, y1, 0;x2, y2, 0;ωq is non-zero if

and only if px1, y1q “ px2, y2q. This can be expressed as [28]

W px1, y1, 0;x2, y2, 0;ωq “ 〈Hpx1, y1, 0;ωqH˚
px2, y2, 0;ωq〉 δpx1 ´ x2qδpy1 ´ y2q

“Spx1, y1, 0;ωqδpx1 ´ x2qδpy1 ´ y2q,

(4.12)

where, Spx, y, z;ωq is the spectral density function at point P, defined as

Spx, y, z;ωq “ 〈χ0pωqHpx, y, z;ωqH˚
px, y, z;ωq〉 . (4.13)

From Eqs. 4.7 and 4.12, it can be seen that

Ŵ pf1, g1, 0; f2, g2, 0;ωq “
1

p2πq4

żżżż `8

´8

Spx1, y1, 0;ωqδpx1 ´ x2qδpy1 ´ y2q

ˆ exp r´ipf1x1 ` g1y1 ` f2x2 ` g2y2qs dx1dy1dx2dy2

“
1

p2πq4

`8
ĳ

´8

Spx1, y1, 0;ωq

ˆ expt´i rpf1 ´ f2qx1 ` pg1 ´ g2qy1sudx1dy1

(4.14)

From Eqs. 4.9 and 4.14, the angular correlation function can be represented as

the Fourier transform of the spectral density function at the source plane:

App1, q1; p2, q2;ωq “
k4

p2πq4

`8
ĳ

´8

Spx1, y1, 0;ωq

ˆ expt´ik rpp1 ´ p2qx1 ` pq1 ´ q2qy1sudx1dy1

(4.15)
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Eq. 4.15 can be rewritten in a different form. The spatial Fourier transform of

the spectral density function is defined as

Ŝpf, g, z;ωq “
1

p2πq2

`8
ĳ

´8

Spx, y, z;ωq exp r´ipfx` gyqs dxdy. (4.16)

The angular correlation function is

App1, q1; p2, q2;ωq “
k4

p2πq2
Ŝ rkpp1 ´ p2q, kpq1 ´ q2q, 0;ωs . (4.17)

In medical ultrasound imaging, the signal under investigation is usually the am-

plitude or intensity of the field, rather than the spectral density function. The

quantities on both sides of Eq. 4.17 can be integrated over the temporal frequency

dimension to give

Ãpp1, q1; p2, q2q “

ż 8

´8

App1, q1; p2, q2;ωqdω. (4.18)

ż 8

´8

Ŝp∆p,∆q, z;ωqdω “

ż 8

´8

! 1

p2πq2

`8
ĳ

´8

Spx, y, z;ωq exp r´ipk∆px` k∆qyqs dxdy
)

dω

“
1

p2πq2

`8
ĳ

´8

„
ż 8

´8

Spx, y, z;ωqdω



exp r´ipk∆px` k∆qyqs dxdy

“
1

p2πq2

`8
ĳ

´8

Ipx, y, zq exp r´ipk∆px` k∆qyqs dxdy

“Î pk∆p, k∆q, zq .

(4.19)

in which, ∆p “ p1 ´ p2 and ∆q “ q1 ´ q2 , Ipx, y, zq is the spatial distribution of

source intensity defined as
ş8

´8
Spx, y, z;ωqdω, and Î pf, g, zq is the spatial Fourier
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transform of the intensity function with respect to x and y dimensions. Integrating

both sides of Eq. 4.17 over temporal frequency and using the relations in Eqs. 4.18

and 4.19, we have

Ãpp1, q1; p2, q2q “
k4

p2πq2
Î rkpp1 ´ p2q, kpq1 ´ q2q, 0s . (4.20)

Eq. 4.20 indicates that the angular correlation function Ãpp1, q1; p2, q2q and the

spatial distribution of intensity at the source plane form a spatial Fourier transform

pair, and the Fourier transform variables are proportional to the angular differences

p1 ´ p2 and q1 ´ q2.

Note that up to Eq. 4.20, the theory applies to an isochronous volume of a

homogeneous medium insonified by an ultrasound transducer, and does not make

any assumption regarding the transmitted wave. If the transmit beam is focused

onto the medium, as shown in Figure 4.1, the spatial distribution of backscat-

tered field intensity at the focus is related to the transmit pressure field, Hpx, yq “
ş8

´8
Hpx, y, 0;ωqdω, and scattering function, χpx, yq, at the focus [28].

IFT px, y, 0q “ |Hpx, yqχpx, yq|2 , (4.21)

in which, the subscript FT is used to denote focused transmit.

The theory of k-space in ultrasound imaging indicates that the transmit pressure

field intensity at the focus and the autocovariance function of the transmit aperture

function form a Fourier transform pair [126]

Ctxpu, vq “

ż ż 8

´8

|Hpx, yq|2 exp
´

´2πj
xu` vy

zλ

¯

dxdy, (4.22)

where px, yq is the spatial dimension in the transmit focal plane, pu, vq represents both

the Fourier conjugate variable of px, yq and the spatial dimension in the transmit
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aperture plane, Ctxpu, vq is the autocovariance function of the transmit aperture

function.

Therefore, by taking the Fourier transform and ensemble average of Eq. 4.21, we

have

ÎFT pk∆p, k∆q, 0q “ χ0Ctxpk∆p, k∆qq, (4.23)

where Ctxpkp, kqq is the autocorrelation function of the transmit aperture function,

and χ0 “
ş8

´8
χ0pωqdω is the scattering amplitude of the homogeneous media.

Using this relationship, we find that for focused transmit ultrasound imaging, the

angular coherence function of the backscattered field from the homogeneous diffuse

scattering medium at the focus is proportional to the spatial autocovariance function

of the transmit aperture function.

ÃFT pp1, q1; p2, q2q “
k4χ0

p2πq2
Ctx rkpp1 ´ p2q, kpq1 ´ q2qs . (4.24)

Normalizing the angular coherence function with its maximum, the normalized

angular coherence function can be found as

ĀFT pp1, q1; p2, q2q “
Ãpp1, q1; p2, q2q

Ãpp1, q1; p2, q2q|p1“p2,q1“q2

“
Ctx rkpp1 ´ p2q, kpq1 ´ q2qs

Ctxp0, 0q
.

(4.25)

This conclusion has a similar form as the normalized spatial autocovariance function

described in [28]; however, there are different physical meanings between Eq. 4.25

and that of [28]. The spatial autocovariance function in [28] is a function of the

spatial locations in the receive aperture, and the angular coherence function above

is a function of the normalized spatial frequencies of the plane wave components of

backscattered waves.
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4.2.2 Acoustic Reciprocity and the Correlation Function of Backscattered Signals in
Plane-wave Transmit Synthetic Aperture Sequences

The acoustic reciprocity theorem is a result of the time-reversal and space-reversal

symmetry nature of the wave equation [127], which only contains second-order deriva-

tives of the time variable and the space variable. The theorem was described by

Rayleigh [128, 129] and Helmholtz [130] in acoustics and then extended to electro-

magnetic waves [131] and optics [132]. One form of the theorem indicates that

“interchanging the source and the receiver does not alter the resulting field” [133].

A further detailed introduction to the theorem can be found in Fokkema et al. [134].

In acoustics, the theorem has been applied in time-reversal acoustics [133,135], seis-

mic measurement [136] and marine acquisitions [137]. In modern scattering theory,

the reciprocity theorem is expressed by the symmetry of the scattering matrix [131].

The theorem is valid for forward and inverse scattering [138, 139], as well as in the

presence of absorption [135] and multiple scattering [140, 141]. Recently, Bottenus

et al. [121] proved its validity in acoustic spatial coherence. Here we provide a brief

proof for its validity with respect to the angular coherence of ultrasound, and then

apply the theorem to explore the coherence of the signals obtained with plane wave

transmission at different angles.

For simplicity, consider a linear, homogeneous, and weakly scattering media M

in 2D space and three transducers as shown in Fig. 4.1. The center transducer (T0)

can transmit and focus waves into the medium. The two other transducers (T1 and

T2) are placed in the far-field and can receive plane waves. The apertures of T1

and T2 are tilted at α1 and α2 degrees with respect to T0. The transmit angle α is

related with the normalized spatial frequency p by p “ ´ sinpαq.

For the focused-transmit case, denote the initial complex amplitude of transmit

pulse from T0 to be v10 “ |a10|e
irk0r`φ10s, with initial phase φ10, and focal length r.

Because T1 and T2 are in the far field, they receive two distinct components of the
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Figure 4.2: Illustration for the plane-wave transit case. The transducers T1 and T2

transmit plane waves (shown in red) corresponding to wave vectors ´k ¨p1 and ´k ¨p2,
respectively, into the half space. For each transmit, the linear homogeneous diffuse
scattering media (M) backscatters the wave. The backscattered wave (shown in red)
propagates into a half space. The transducer T0 focuses a receive beam (shown in
blue) in the media M. This is the reciprocal of the focused transmit case shown in
Figure 4.1.

angular spectrum of backscattered waves from M with propagation angle α1 and α2

[142]. These two components of the angular spectrum are in the form of plane waves

that can be described as v11 “ |a11|e
irkpp1x`m1zq`φ11s, and v12 “ |a12|e

irkpp2x`m2zq`φ12s.

The correlation between the complex amplitudes of the signals received by T1 and

T2 is:

AFT pα1, α2q “ |a11a12| expripφ11 ´ φ12qs. (4.26)

For the plane wave transmit case, we consider the reciprocal of the focused trans-

mit case, shown in Figure 4.2. With all transducer locations unchanged, two plane

wave are transmitted separately by T1 and T2, with transmission angle α1 and α2 into

sample space. The pulses can be represented as v20 “ |a20|e
irkp´pix´mizq`φ20s, i “ 1, 2.

These two plane waves have the same amplitude |a20| and initial phase φ20 and differ-

ent transmission angles. After each transmit, the backscattered wave is received by
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T0 and is DAS beamformed at the sample location. For the two transmit events, the

received signals are v21 “ |a21|e
irkp´p1x´m1zq`φ21s, and v22 “ |a22| ¨ e

irkp´p2x´m2zq`φ22s,

respectively. The correlation between the complex amplitudes of the received signals

is:

APWT pα1, α2q “ |a21a22| expripφ21 ´ φ22qs. (4.27)

Due to acoustic reciprocity,

φ10 ´ φ11 “ φ20 ´ φ21,

φ10 ´ φ12 “ φ20 ´ φ22.
(4.28)

Combining these two relationships, we have φ11´φ12 “ φ21´φ22. The correlation

function of the delay-compensated received signals from plane wave transmits at two

angles α1 and α2 is proportional to the correlation function of the received plane

wave signals measured at α1 and α2 in the focused transmit case.

APWT pα1, α2q9AFT pα1, α2q (4.29)

In the plane-wave transmit case, because the transmit and receive are inter-

changed compared to the focused-transmit case, the angular correlation function of

signals in the plane-wave transmit case is proportional to the autocorrelation function

of the receive aperture function, instead of the transmit aperture function. Applying

Eq. 4.29 to 2D aperture, we define the normalized angular coherence function as

ĀPWT pp1, q1; p2, q2q “
Crx rkpp1 ´ p2q, kpq1 ´ q2qs

Crxp0, 0q
. (4.30)

Note that the right-hand side of Eq. 4.30 depends only on the difference between

the transmit angles, and it can be rewritten as

ĀPWT p∆p,∆qq “
Crx pk∆p, k∆qq

Crxp0, 0q
, (4.31)
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in which, ∆p “ p1 ´ p2, and ∆q “ q1 ´ q2.

The physical implication of Eq. 4.31 is that the cross-correlation function of the

backscattered signals from plane-wave transmits at different angles and a spatially

incoherent homogeneous medium is proportional to the normalized autocorrelation

of the receive aperture function. This can be considered as an extension to the van

Cittert Zernike theorem.

Conventionally, the receive aperture function is expressed as a function of the spa-

tial location of the receive elements. The conversion of the receive aperture function

to be a function of receive angle is straightforward. The angle pθx, θyq corresponding

to the receive element at pxe, ye, 0q with sample at pxs, ys, zq is

pθx, θyq “ parctanppq, arctanpqqq « pp, qq “
´xe ´ xs

z
,
ye ´ ys
z

¯

. (4.32)

Because the receive elements in linear transducers in medical ultrasound are uni-

formly located in space, the angular sampling by linear transducers is non-uniform.

The transmit angular spacing pk∆p, k∆qq in Eq. 4.31 can be expressed as frac-

tions of the maximum angle sampled by the receive aperture pηp, ηqq “ p
k¨∆p
k¨pmax

, k¨∆q
k¨qmax

q

as

ĀPWT pηp, ηqq “
Crx pηp, ηqq

Crxp0, 0q
, (4.33)

in which, 0 ď ηp, ηq ď 1. If the transmit angular spacing is greater than the maximum

angle sampled by the receive aperture (i.e., ηp or ηq ą 1), ĀPWT pηp, ηqq “ 0.

4.2.3 F-numbers and the Sampling Range of the Angular Coherence Function

One interesting conclusion that can be deduced from Eq. 4.33 is the impact of

transmit F-number (Ftx) and receive F-number (Frx) on the sampling of the angular

coherence function. The transmit F-number determines the maximum transmit angle
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on both sides of the transducer axis as

Θtx “ ˘ arccot p2Ftxq . (4.34)

The maximum angular spacing between any two transmit plane waves is 2Θtx.

Similarly, the receive F-number determines the maximum angular range of receive as

2Θrx. The maximum angular spacing in transmit can then be expressed as a fraction

of the maximum receive angular spacing as

ηmax “
2Θtx

2Θrx

“
arccotp2Ftxq

arccotp2Frxq
.

(4.35)

Eq. 4.35 represents the maximum sampling range of the angular coherence func-

tion, determined by the pair of transmit and receive F-numbers.

Moreover, the minimum value of the angular coherence function using a PWT

sequence with a pair of transmit and receive F-numbers can also be found. According

to Eq. 4.33, the normalized correlation function has a minimum value at ηmax, and

the minimum value can be predicted by sampling the normalized autocorrelation

function of the receive aperture function at ηmax. Therefore, for a given receive

apodization function, the transmit F-number and the receive F-number determine

the minimum value of the angular coherence function.

For example, if a constant apodization of 1 is used across a one-dimensional (1D)

receive aperture, the normalized correlation function of the receive aperture function

is a triangular function with a maximum value of 1. According to Eqs. 4.33 and

4.35, the minimum angular coherence value can be predicted as

min ĀPWT “

#

1´ arccotp2Ftxq
arccotp2Frxq

, Frx ă Ftx

0, Frx ą“ Ftx.
(4.36)
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Table 4.1: Simulation parameters

Number of transducer elements 128
Lateral pitch 0.2 mm

Elevation pitch 7.5 mm
Transmit center frequency 8 MHz

fractional bandwidth 0.6
Transmit pulse window type Gaussian

Sampling frequency 160 MHz

4.3 Simulation and Experimental Validation Studies

4.3.1 Simulation Studies

Simulation Methods

Field II [68, 69] is used to demonstrate the angular coherence theory proposed in

Section 4.2. In these simulations, a 0.2 mm pitch, 128 element linear array was used to

transmit 8 MHz plane wave pulses into a homogeneous phantom. The backscattered

radio-frequency (RF) signals were sampled at 160 MHz and dynamically focused in

receive to reconstruct the delay-and-summed (DAS) signals corresponding to a set

of receive beams with a lateral sampling spacing of 0.2 mm. The parameters used in

the simulations are summarized in Table 4.1.

The reconstructed RF signals for each transmit angle were then converted to

complex IQ signals using the Hilbert Transform. The correlation function between

the IQ signals produced with different transmit angles were computed according to

Eq. 4.18 for each point in the imaging grid and then spatially averaged over the center

10 mm in the lateral field-of-view (FOV), where the scatterers were incident upon by

all transmit plane waves. Because the signals produced with the homogeneous diffuse

scatterers are spatially ergodic, the spatial average is equivalent to the ensemble

average in Eq. 4.18. The angular correlation function was then normalized to its

maximum at 0 angular difference to produced the normalized angular coherence
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function.

Two effects predicted by the angular coherence theory were explored in the sim-

ulation studies. First, to demonstrate the impact of the receive aperture function

on the angular coherence function, indicated by Eq. 4.30, three different receive

apodization functions were used in the simulations. A total of 62 plane waves were

used to uniformly sample an angular range of ˘14˝, corresponding to a transmit

F-number of 2. The three apodization cases are: (a) Gaussian apodization with a

standard deviation of 7.81% of the receive aperture size; (b) rectangular apodiza-

tion with a window width of 7.81% of the receive aperture size; and (c) rectangular

apodization with a window width of 23.44% of the receive aperture size.

Second, the impact of transmit F-number (Ftx) and receive F-number (Frx) on

the minimum coherence value was examined. A uniform apodization of 1 was used

across the 1D receive aperture, and two cases were simulated. In the first case, a

fixed receive F-number of 4 was achieved using aperture growth and dynamic receive

focusing and the transmit F-numbers were varied from 4 to 7 using different ranges of

transmit angles calculated from Eq. 4.34. For example, for a transmit F-number of

4, the transmit angle range is ˘7.13˝, and for a transmit F-number of 7, the transmit

angle range is ˘4.09˝. In the second case, a fixed transmit F-number of 6 was used

and the receive F-number was varied from 4 to 7. For both cases, the angular

coherence functions were measured and compared with the theoretical predictions of

Eq. 4.36. Five different speckle realizations were simulated, and the averages and

standard deviations of the measurement were computed.

In Fig. 4.1 and 4.2, three transducers were used to provide a more intuitive

model of sequences using plane-wave transmits and dynamically focused receive.

In the simulation and experimental validations, a single transducer is used for both

dynamic receive and plane wave transmits at multiple angles by choice of the transmit

timing of individual elements. This is common practice in current methods utilizing
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plane wave synthetic aperture imaging [12, 74]. It is obvious that the ostensibly

different transducer settings in the theory section and the validations section are

equivalent.

Simulation Results

Figure 4.3: Angular coherence as functions of angular spacing between plane wave
transmits measured from simulations. The angular spacing is expressed as a fraction
of the receive angular range (28˝ in this case). The red curves represent theoret-
ical predictions, and the blue curves represent measurement average and standard
deviation from 5 simulations with independent speckle realizations. Three types of
receive apodization functions were used: (a) Gaussian apodization with a standard
deviation of 7.81% of the receive aperture size; (b) rectangular apodization with a
window width of 7.81% of the receive aperture size; and (c) rectangular apodization
with a window width of 23.44% of the receive aperture size. For all three cases, the
theoretic predictions closely match the measured coherence curves.

Figure 4.4: The angular coherence as functions of angular spacing between plane
wave transmits for three different transmit F-numbers: (a) 4, (b) 5, and (c) 7. A
receive F-number of 4 is used for all cases. The angular spacing is expressed as a
percentage of the receive angular range. A uniform apodization function of 1 is used
for all cases. In (a), the transmit and receive F-numbers are the same, therefore, the
transmit and receive beams cover the same angular range and the angular coherence
function decreases from 1 to 0 as predicted by the theory. (b)-(c) As transmit F-
number increases, the transmit angular range decreases and the angular coherence
function samples a smaller angular range.
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Figure 4.5: The minimum values of the angular coherence function with different
transmit and receive F-numbers. Two cases are presented: (a) constant receive F-
number of 4 and varying transmit F-number of 4 to 7, and (b) constant transmit
F-number of 6 and varying receive F-number of 4 to 7. The measured minimum
values shown in blue closely match the theoretical predictions of Eq. 4.36 shown in
red.

Figure 4.3 shows the normalized correlation curves from both simulation mea-

surement and theoretic predictions according to Eq. 4.31 as the normalized autocor-

relation functions of the apodization functions for comparison. The results produced

with three types of receive apodization functions are shown: (a) Gaussian apodiza-

tion with a standard deviation of 7.81% of the receive aperture size; (b) rectangular

apodization with a window width of 7.81% of the receive aperture size; and (c) rect-

angular apodization with a window width of 23.44% of the receive aperture size. For

all three cases, the theoretic predictions of Eq. 4.31 match the measured coherence

curves.

Figure 4.4 shows the angular coherence as functions of the transmit angular

spacings between plane wave transmits for three different transmit F-numbers: (a)

4, (b) 5, and (c) 7. The same receive F-number of 4 is used for all figures. The

transmit angular spacing is expressed as a percentage of the receive angular range.

A uniform apodization function of 1 is used for all cases. In (a), the transmit and

receive F-numbers are the same, therefore, the transmit and receive beams cover

the same angular range. The angular coherence function is a triangle function that
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decreases from 1 to 0, as predicted by the theory. As transmit F-number increases,

the transmit angular range decreases and the angular coherence function samples a

smaller angular range. For example, with a receive F-number of 4, a transmit F-

number of 5 corresponds to a sampling range of 0-80.5%, and a transmit F-number

of 7 corresponds to a sampling range of 0-57.9%. The reduction of sampling range

caused by the increase of transmit F-number is shown in (b) and (c). The curve

and the error bars represent the average and standard deviation of the measurement

from 5 different speckle realizations.

Figure 4.4 further shows that the minimum value of the angular coherence func-

tion is related to the transmit and receive F-numbers because of the change in angular

sampling range. The relation between the minimum value of the angular coherence

function and the F-numbers is described in Eq. 4.35 in Section 4.2. Figure 4.5 shows

the minimum values of the angular coherence function with different transmit and

receive F-numbers. Two cases are presented in this figure: (a) constant receive F-

number of 4 and varying transmit F-number of 4 to 7, and (b) constant transmit

F-number of 6 and varying receive F-number of 4 to 7. The average measured min-

imum values are shown in blue. The error bars represent the standard deviations

of measurements from 5 different speckle realizations. The theoretical predictions of

Eq. 4.36 are shown in red. All measurement values closely match the theoretical

predictions.

Note that the impact of F-numbers on the sampling range of the angular coher-

ence function is independent of the receive aperture function. However, the mini-

mum value of the angular coherence function is dependent upon the receive aperture

function, because the receive aperture function determines the angular coherence

function. The results from the rectangular receive aperture function is used here as

an example.

92



4.3.2 Experiments

Experimental Methods

Experimental studies were conducted to validate the angular coherence theory. The

experiments were conducted with a Verasonics Vantage 256 system (Verasonics Inc.,

Redmond, WA) and a Verasonics L12-3v linear transducer with a transmit voltage

of 10 Volts Plane waves with a 7.8 MHz center frequency were transmitted into the

homogeneous region of an ATS phantom (Model 527, ATS Laboratories, Inc. Bridge-

port, CT) at 17 angles covering a ˘8˝ range. The speed of sound in the phantom was

1450 mm/s. Signals backscattered from the homogeneous regions were sampled at

40 MHz and dynamically focused. The beamformed signals were processed with the

same method as in the simulations. Two apodization functions were used on receive:

(a) Gaussian apodization with a standard deviation of 7.81% of the receive aper-

ture size; (b) rectangular apodization with a window width of 7.81% of the receive

aperture size.

Experimental Results and Discussions

Figure 4.6 shows the normalized correlation curves from both experimental measure-

ment and theoretic predictions according to Eq. 4.30. The results produced with

two types of receive apodization functions were shown: (a) Gaussian apodization

and (b) rectangular apodization. For both cases, the theoretic predictions match the

measured coherence curves. The results presented in Fig. 4.3 and 4.6 show similar

agreement between theoretical predictions and measurements.

The analysis of angular correlation functions requires the assumption of the first-

order Born approximation. This assumption ensures that the back-scattering is

weak, and the forward-scattered waves are not significantly different from the in-

cident waves. Under this assumption, the transmit plane waves are not significantly

distorted by the forward-scattering of the particles in the media.
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Figure 4.6: Angular coherence as functions of angular spacing between plane wave
transmits measured from phantom experiments. The angular spacing is expressed
as a fraction of the receive angular range (16˝ in this experiment). The red curves
represent theoretical predictions, and the blue curves represent measurement aver-
age and standard deviation from 5 images with independent speckle realizations.
Two types of receive apodization functions were applied: (a) Gaussian apodization
with a standard deviation of 7.81% of the receive aperture size; and (b) rectangular
apodization with a window width of 7.81% of the receive aperture size. For both
cases, the theoretic predictions closely match the measured coherence curves.

In our Field II simulations and phantom experiments, the back-scattering induced

by local heterogeneities is weak and satisfies the first-order Born approximation. For

stronger heterogeneities, the impact of aberration and other effects on the angular

coherence is a more complicated issue. We expect aberration and reverberation to

reduce the coherence in a similar manner to that described by Pinton et al. [143,144].

4.4 Applications

4.4.1 Short-lag Angular Coherence (SLAC) Beamformer

Coherence imaging and coherent flow imaging have been demonstrated to produce

images similar to conventional B-mode and power Doppler (PD) images, and pro-

vide better suppression of spatially incoherent noise, including thermal noise and

reverberation clutter. Coherent flow imaging has also been shown to provide higher

sensitivity than PD in small vessel and slow flow detection. The beamformer used

in coherence imaging and coherent flow imaging is the short-lag spatial coherence
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(SLSC) beamformer, which measures the spatial coherence of backscattered field and

forms images of the coherence information. One obstacle in the implementation of

SLSC on clinical scanners is that the SLSC beamformer requires radio-frequency

(RF) channel signals. Therefore, the built-in delay-and-sum (DAS) computational

hardware in clinical scanners needs to be bypassed. This induces a very high com-

putational and material cost in the implementation of SLSC beamformers because

a large amount of RF channel data have to been transferred, and a large number of

correlations have to be computed.

Based on the angular coherence theory presented here, we propose a short-lag

angular coherence (SLAC) beamformer, which operates on delay-and-summed data

rather than channel RF data. This allows the SLAC beamformer to be easily inte-

grated into existing clinical scanners and utilize the built-in DAS hardware to reduce

computational costs and achieve higher frame rates. It can be considered as the

angular domain equivalent to the SLSC beamformer in the spatial domain. In this

section, we describe and demonstrate the SLAC beamformer with a one-dimensional

(1D) linear array as proof-of-concept.

Principles of the SLAC Beamformer

In SLAC beamforming, a number (N) of angled plane waves are transmitted into

the sample, and backscattered signals from all transmits are delay-and-summed. The

transmitted plane waves have a uniform angular sample spacing of δθ and cover an

angular range of ˘N
2
δθ around the transducer axis. This corresponds to an F-number

of 1
2

arccotpN
2
δθq.

The delay and summed data are then processed with the SLAC beamformer on a

pixel-by-pixel basis for each pixel in the imaging grid, utilizing either RF or IQ data.

To be consistent with the previous sections, the delay-and-summed RF data here are

demodulated to baseband IQ data. For the pixel at location px, yq, the N complex
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data points from N plane wave transmits are denoted as aipx, yq, i “ 1, 2, ..., N . The

angular correlation function of the signals at px, yq at an angular difference (defined

as lag) of ∆θ “ k ¨ δθ can be calculated as

ĀPWT px, y; ∆θq «
1

N ´ k

N´k
ÿ

i“1

aipx, yqa
˚
i`kpx, yq

a

|aipx, yq|2|ai`kpx, yq|2
(4.37)

The short-lag angular coherence signal at point px, yq is calculated with maximum

angular difference (i.e., maximum lag) ∆Θ “ K ¨ δθ as

RSLACpx, yq “

ż ∆Θ

0

ĀPWT px, y; ∆θqd∆θ

«

K
ÿ

k“1

1

N ´ k

N´k
ÿ

i“1

aipx, yqa
˚
i`kpx, yq

a

|aipx, yq|2|ai`kpx, yq|2

(4.38)

Typically, the maximum lag ∆Θ is 10-30% of the angular range N ¨ δθ in accor-

dance with the range used for the SLSC beamformer.

Simulation and Experiment methods

The SLAC beamformer have been implemented in Field II simulations [68, 69] and

on a Verasonics Vantage 256 researcher scanner.

In Field II simulations, a 128-element, 0.2-mm pitch transducer is simulated

to transmit 62 plane waves with a center frequency of 8 MHz uniformly sampling

an angular range of ˘14˝ around the center axis of the transducer. The received

signals are sampled at 160 MHz and time-delayed to account for the time of flight.

The signals are then demodulated to baseband IQ, and processed with the SLAC

beamformer as described in Eq. 4.38.

In order to demonstrate the similarity between SLAC and SLSC beamformers,

the time-delayed RF signals are also processed with the SLSC beamformer.
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The SLAC beamformer with plane wave transmits was implemented on a Vera-

sonics research scanner and an L12-3v linear transducer. In the B-mode sequence,

17 plane waves with 1˝ angular spacing were used to cover a range of ˘8˝ around the

transducer axis. The transmit center frequency was 7.8 MHz and the receive data

were sampled at 31.2 MHz. To demonstrate the feasibility of using the scanners’

built-in DAS hardware with SLAC, the signals are delay-and-summed and demod-

ulated to baseband IQ by the scanner. The baseband IQ data were then used for

SLAC calculation as described in Eq. 4.38.

Simulation and Experiment Results

Figure 4.7: Comparison of SLAC and SLSC images in a plane-wave synthetic
transmit aperture sequence in Field II simulations. Both the global images (the left
two) and zoomed-in local images (the right two) show high similarity between SLAC
and SLSC images. All figures are shown with a normalized linear scale from 0 to 1.

Figure 4.7 presents a comparison of simulated SLAC and SLSC images produced

from the same data. Both the global images (the left two) and zoomed-in local images

(the right two) show high similarity between SLAC and SLSC images. This is because

both SLAC and SLSC images are produced with the same F-number and the same

sample numbers (number of angles for SLAC, and number of receive elements for

SLSC). The minor differences are due to the different sampling domains by the two

beamformers. Because SLAC images are produced with uniform sampling in angle

and SLSC images are produced with uniform sampling in the receive aperture, the
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plane wave signals do not have a direct one-to-one correspondence with the signals

in the SLSC beamformer.

Figure 4.8: Experimental B-mode images (the first row) produced with the DAS
beamformer (left), the SLSC beamformer (middle), and the SLAC beamformer
(right). The lateral cross-sections of the images at 20 mm depth are shown in the
second row.

Figure 4.8 shows an example of images produced with the DAS beamformer, the

SLSC beamformer, and the SLAC beamformer. The lateral cross-sections of the

images at 20 mm depth are also shown. 17 transmit angles covering ˘8˝ range were

used in accordance with typically PWT sequences [12] to demonstrate SLAC, and

thus the sampling in transmit angular domain for SLAC was not directly matched

with the sampling in receive aperture domain for SLSC. It can be seen that, compared

to the SLSC images, SLAC preserves the image quality, but the background texture

is somewhat different.

The SLAC beamformer has been demonstrated with both simulations and on a

research scanner as proof-of-concept. The images produced with SLAC beamformer

on simulation data show good agreement with those produced with the SLSC beam-
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former. It is noteworthy that such high agreement can only be achieved when the

sampling of both beamformers are close: the angular range for the SLAC beamformer

needs to correspond to the F-number for the SLSC beamformer; and the number of

angular samples for the SLAC beamformer needs to match the number of active re-

ceive elements for the SLSC beamformer. The transmitted plane waves in the PWT

case, however, do not exactly correspond to the waves received on the transducer

elements in the FT case.

In the experimental studies, the SLAC beamformer is capable of utilizing the

built-in DAS beamformer and operated on the delay-and-summed data, which is

not possible with the SLSC beamformer. This approach reduces computation time

and reduces the amount of data that needs to be transferred from the scanner to

the computational components by a factor equal to the number of active receive

elements. This is particularly desirable in plane-wave synthetic transmit aperture

Doppler imaging where a Doppler image frame is produced from a large amount

of channel RF data, i.e., typically more than 100 times the amount of channel RF

data for a B-mode image frame. Moreover, because current clinical scanners do not

have the capability of outputting RF channel data from all receive channels, the

SLAC beamformer is easier to integrate into current clinical scanners than the SLSC

beamformer.

4.4.2 Speed of Sound Estimation

In Section 4.2.2, the impact of transmit and receive angular ranges, or F-numbers,

on the minimum angular coherence values has been analyzed. For a given receive

F-number, increasing the transmit angular range leads to lower minimum angular

coherence values. This conclusion has profound implications in the applications of

PWT sequences where the angular correlation is calculated for phase delay or time

delay estimations. We present one example here where the theory can be used to
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analyze and optimize phase shift estimations in PWT sequences.

According to the Cramer-Rao lower bound, cross-correlation coefficients affect

the jitter level in phase-shift estimation. For example, the cross-correlation value for

accurate estimation of phase shift is typically above 0.95 [145]. Therefore, the angu-

lar coherence theory may provide a method to improve techniques that involves the

computation of phase shifts of signals acquired with plane wave transmits. For ex-

ample, the speed-of-sound estimation technique proposed by Jaeger et al. [112] uses

phase-shift estimation on beamformed signals acquired with angled plane waves. One

of the transmit angular ranges utilized in Jaeger et al. [112] is ´30˝ to 30˝, which

corresponds to a transmit F-number of 0.866. In this approach, a maximum angular

spacing of 30˝ was used in the cross-correlation calculations for phase-shift estima-

tion. Although the receive F-number and the receive aperture function were not

specified by Jaeger et al. [112], we estimated a minimum (i.e., best scenario) receive

F-number of 0.5388 from the 20 mm deep object and the 37.12 mm wide transducer

for this example. This setting would result in relatively low cross-correlation coeffi-

cients between signals acquired with plane wave transmits at any two widely sepa-

rated angles. For example, the cross-correlation coefficient of signals acquired with

transmits at 0˝ and 30˝ is no greater than 0.65. In the study by Jaeger et al. [112],

although a coherent summation of signals within 5˝ around nominal transmit angles

was utilized to improve the estimation, the cross-correlation coefficients of the two

aforementioned signals would not exceed 0.71, which is considered to be relatively

low for phase-shift estimation standard of above 0.95 [145]. Low cross-correlation co-

efficient values may increase phase shift estimation jitter and negatively impact the

accuracy of speed of sound measurement. More information on system noise level,

and receive aperture function, as well as frequency and bandwidth for this example,

is needed to estimate an optimal angular range. A more thorough study of phase

shift estimation with PWT sequences is beyond the scope of this manuscript.
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4.5 Conclusion

We have presented an adaptation of the theory of angular coherence for ultrasound.

The theory is applicable to plane-wave transmit synthetic aperture imaging and pro-

vides an accurate description of the correlation function of received signals produced

with plane-wave transmits at different angles. The theory is validated with both

simulations and phantom experiments.

We demonstrate applications of this theory to develop a short-lag angular co-

herence (SLAC) beamformer, which utilizes coherence information of backscattered

fields in ultrasonic imaging. Compared to the SLSC beamformer, SLAC operates on

delay-and-summed RF data instead of RF channel data, which enables the utiliza-

tion of DAS hardware in scanners and significantly reduces computational costs. The

SLAC beamformer is demonstrated in both simulations and experiments of coherence

imaging.

Furthermore, we use this theory to analyze the impact of the transmit and receive

angular ranges on the minimum values of the angular coherence functions, and pre-

sented an example where the analysis can be used to optimize phase shift estimation

in the context of sound speed estimation.
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5

Coherent Color Doppler Imaging

This work was originally presented in [4] and [5] :

Dahl, J. J., Li, Y., Hyun, D., & Doherty, J. R., Coherence beamforming applied

to velocity estimation and partially coherent signals, in 2015 IEEE International

Ultrasonics Symposium (IUS 2015).

Dahl, J. J., & Li, Y., Coherent color flow imaging: Velocity estimation using coherent

signals, in 2017 IEEE 14th International Symposium on Biomedical Imaging (ISBI

2017).

5.1 Introduction

Time-shift and phase-shift estimators are widely used in ultrasonic imaging for the

estimation of flow velocity, tissue displacement, and strain. The uncertainty of esti-

mation can be quantitatively described by the jitter error, defined as the standard

deviation of estimated values. For an unbiased estimator, jitter is affected by the

signal-to-noise ratio (SNR) of the received signal, the center frequency and band-

width of the acoustic pulse, and the covariance values of the two signals that are
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used for estimation. The lower limit of jitter is described by the Cramer-Rao Lower

Bound as [98,146]. The minimum time-delay jitter for two partially correlated speckle

signals, σ, is

σ “

g

f

f

e

3

2f 3
c π

2T pB3 ` 12Bq

˜

1

ρ2

ˆ

1`
1

SNR2

˙2

´ 1

¸

, (5.1)

in which, fc is the center frequency of the pulse, B is the fractional bandwidth of

the pulse, T is the correlation window length, ρ is the correlation value between the

partially correlated signals, and SNR is the signal-to-noise ratio.

Estimators rely on delay-and-summed (DAS) signals, which are the time-delay

compensated signals summed across the receive aperture. For a pair of receive el-

ements that detect signals backscattered by a stationary diffuse scattering sample,

the covariance of the two signals received by these two receive elements can be de-

scribed by the van Cittert-Zernike theorem. Briefly, the theorem states that the

spatial coherence of the signals, defined as their normalized covariance, as a function

of the receive element spacing is proportional to the autocorrelation function of the

transmit aperture function. For rectangular or Gaussian transmit aperture functions

that are widely used in ultrasonic imaging, the coherence decreases as the spacing

between the pair of two receive elements increases. By summing the signals across

the receive aperture, the DAS process combines signal pairs with high coherence and

low coherence. In non-stationary samples, the decorrelation due to element spacing

is superimposed to intra-acquisition decorrelation of the signals due to motion. In

these cases, the signal pairs with low coherence increases the jitter in time-shift or

phase-shift estimation.

In summary, sources of signal decorrelation in flow include bulk motion of the

scatterers (i.e., red blood cells), the relative motion of the scatterers within the
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isochronous volume due to parabolic flow velocity profile, partial correlation of the

channel signals across the receive aperture as predicted by the van Cittert-Zernike

theorem, and etc. All these sources reduces the the correlation value ρ in Eq. 5.1

and increases the estimation jitter.

We propose a modification to the time- and phase-delay estimators by eliminating

the signal pairs with low coherence. The modified techniques are applied to the

Kasai and Loupas phase-delay estimators for coherent color Doppler imaging. The

modified estimators were termed Coherent Kasai estimator and Coherent Loupas

estimator. We have conducted simulation and experimental studies to demonstrate

and characterize the techniques in jitter reduction.

5.2 Theory

5.2.1 Covariance in Velocity Estimation

Although our proposed technique works for any time-delay or phase-shift estimator

using beamformed signals, we introduce the technique using Kasai 1-D autocorrela-

tion technique for velocity estimation in blood flow imaging [147].

In ultrasound color flow imaging, a blood vessel is repeatedly insonified by an

ultrasound beam to obtain an ensemble of echo signals. Let snpp, tq be a real-valued,

quasi-monochromatic, zero-mean signal received by element n of the transducer array

at time t for the pth insonification. snpp, tq can be expressed in its analytic form, so

that snpp, tq “ inpp, tq ` jqnpp, tq, where in are the real, or in-phase, components of

the analytic signal and qn are the imaginary, or quadrature, components. For an

array of N transducer elements, the beamformed signal, spp, tq is expressed as

spp, tq “
N
ÿ

n“1

snpp, tq “
N
ÿ

n“1

inpp, tq ` j
N
ÿ

n“1

qnpp, tq. (5.2)

where in this formulation, all snpp, tq have been time-delayed to adjust for the path-
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length differences between the transducer elements and the location of the echo. For

brevity, we will drop the t from the notation, because all echo signals in Eq. 5.2 are

aligned in time and our method is only concerned with the time-delayed elements

signals.

Kasai 1D autocorrelation technique for velocity estimation is given by [147]

v “
c

4πfcTprf
tan´1

»

—

—

—

–

P´1
ř

p“1

QppqIpp` 1q ´ IppqQpp` 1q

P´1
ř

p“1

IppqIpp` 1q `QppqQpp` 1q

fi

ffi

ffi

ffi

fl

(5.3)

where I and Q are the in-phase (real) and quadrature (imaginary) components of

the beamformed signal such that sppq “ Ippq` jQppq, and P is the ensemble length.

The multiplication of the I and Q components in the numerator and denominator

of the arctangent represent covariance computations between adjacent signals in the

ensemble. Inserting Eq. 5.2 into Eq. 5.3, Kasai 1D autocorrelator is expressed as

v “
c

4πfcTprf
tan´1

»

—

—

—

–

P´1
ř

p“1

N
ř

n“1

N
ř

m“1

qnppqimpp` 1q ´ inppqqmpp` 1q

P´1
ř

p“1

N
ř

n“1

N
ř

m“1

inppqimpp` 1q ` qnppqqmpp` 1q

fi

ffi

ffi

ffi

fl

. (5.4)

Eqs. 5.3 and 5.4 are functionally equivalent; however, the formulation in Eq. 5.4

can be used to adaptively eliminate covariance terms from element pairs with low

coherence. While adaptively removing covariance terms based on element correlation

has been shown to yield lower jitter errors [148], it is not a practical solution because

it requires a separate calculation of a correlation matrix. Given that the spatial

correlation of speckle signals received by a transducer array is predicted by the van

Cittert-Zernike theorem [149], a theoretical model of the correlation of element signals

based on their spatial separation, or lag, can be used in place of an adaptive selection
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[150]. For a rectangular transmit apodization function and a stationary diffuse target,

the theoretical model for spatial correlation of element signals (for speckle signals) is

a linear decrease from 1 at zero lag to 0 at a maximum lag of N ´ 1. The correlation

functions for any other transmit apodization functions can be predicted using the

same method. Thus, the theoretical correlation value is associated with a fixed

spatial lag. Element pairs with low correlation can easily eliminated by computing

Eq. 5.4 using only those covariance terms where the elements are spatially separated

by a lag of M or less corresponding to the theoretical correlation cutoff. All element

pairs that are spaced apart farther than this fixed spatial lag are expected to have

low correlations and therefore contribute towards the error in the velocity estimate.

This method can be more easily seen by writing Eq. 5.4 in terms of the spatial lag

`. For example, the numerator of Eq. 5.4 can be written in the form

N´1
ÿ

`“0

N´`
ÿ

n“1

qnppqin``pp` 1q ´ inppqqn``pp` 1q.

Note that the complete equation of t he numerator would include computation of the

“reverse lag” components (i.e. the qn``ppqinpp ` 1q ´ in``ppqqnpp ` 1q component).

A similar equation can be derived for the denominator of Eq. 5.4. This approach

allieviates the decorrelation of signals across the receive aperture more than the

decorrelation due to flow.

5.3 Methods

Velocity estimation in simulation and flow phantom experiments was performed using

coherent Kasai and Loupas estimators to demonstrate and characterize the method.

For comparison, the conventional Kasai and Loupas estimators were also used to

estimate velocity from the same raw data. In the following section, estimations

using low coherence signal pairs were eliminated using theoretical thresholds.
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5.3.1 Simulation methods

A Field II simulation of a 2 mm vessel angled at 60˝ to the transducer axis with a flow

rate of 30 mm/s was performed. The simulation used a 96-element, 7.5 MHz linear

array transducer with an F/2 setting for transmit. Blood signals within the vessel

was modeled by randomly-positioned scatterers with a backscattering amplitude 20

dB lower than that of the surrounding tissue scatterers. A total of 50 transmit beams

with 0.2 mm spacing was fired at the vessel, focusing at the center of the vessel at 30

mm. For each beam, 15 Doppler transmit events at a pulse repetition rate of 2 kHz

were fired. The backscattered signals were detected by the same array. White noise

at -20 dB to 0 dB relative to blood signal was added to the received channel RF

signal to simulate thermal noise. The signals were then filtered by a second order,

projection-initialized, high-pass Butterworth filter with a cut-off frequency of 50 Hz

to remove stationary clutter.

The filtered RF channel data were processed in different ways. Firstly, different

lag regions in covariance computation were used for the estimators to explore the

impact of the choice of lags to the jitter of estimates. The velocity estimates were

produced using the coherent Kasai estimator. Velocity images formed by utilizing

only those element pairs with normalized correlation values falling into different

ranges, including 0.1–0.2, 0.3–0.4, ..., 0.9–1.0.

Color Doppler images were produced using the conventional and coherent phase

delay estimators. From the simulations, a maximum theoretical correlation value

of 0.81 was used as the threshold for the coherent estimators, corresponding to a

maximum element spacing of 14 elements. This threshold was chosen to provide the

best trade-off between jitter reduction and resolution preservation. Higher thresholds

negatively affects spatial resolution without providing significant reduction of jitter;

while lower thresholds increases jitter to a greater extent.
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Next, to demonstrate the impact of displacement or flow velocity on the perfor-

mance of the coherent estimators, a bulk motion simulation were conducted. Bulk

displacement of diffuse scatterers in the range of 1 µm to 30 µm were simulated in

Field II with the same transducer configuration as the flow simulations. Simulated

thermal noise was added to the channel signals of the array from -20 to 0 dB relative

to the filtered channel signals. The bias and jitter of the estimated motion were

measured as functions of bulk displacement.

As further proof of concept, a displacement field generated by a finite element

simulation of an acoustic radiation force impulse was imported into Field II, and

the ultrasonic tracking of the displacement field was simulated using the previously

defined array. The displacement field had a maximum peak displacement of 20 µm,

and diffuse scatterers in the simulation were displaced in the axial direction away

from the transducer. The tracking pulse sequence is the same as the Doppler imaging

sequence in the flow simulation. A total of 50 tracking pulses were transmitted.

5.3.2 Experiment methods

A flow phantom experiment was performed using a 2-mm flow channel in an ATS

Model 527 flow phantom (ATS Laboratories, Bridgeport, CT, USA) and blood mim-

icking fluid based on ATS 707 ultrasound Doppler test fluid with 3% (w/w) corn-

starch. A peristaltic pulp (REGLO Digital MS 2/12, IDEX Health & Science LLC)

was used to control the flow velocity to be 10 mm/s. The flow was imaged using

a Verasonics L12-3v linear transducer connected to a Verasonics Vantage 256 re-

search ultrasound scanner (Verasonics Inc., Redmond, WA, USA). The transducer

was angled at 15˝ relative to the flow channel and used to transmit a plane-wave

synthetic transmit aperture pulse sequence. The pulse sequence utilized a Doppler

ensemble size of 15, each of which consisted of 17 plane wave transmits evenly cov-

ering an angular range of ˘8˝, corresponding to an F/3.56 transmit. The Doppler
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Fig. 1. Velocity images formed by utilizing only those element pairs with
normalized correlations falling into the bins indicated at the top of each figure.
The top row of images were formed with noise at 20 dB below the blood signal
and the bottom row shows images formed with noise at equal magnitude to
the blood signal.

eliminated from Eq. 6 and the corresponding coherent version
of the Loupas method, and the velocity and displacement
measurements were performed without the (n, m) incoherent
pairs.

IV. RESULTS AND DISCUSSION

Fig. 1 displays the velocity images formed using Eq. ??
for two cases. In the top row, the channel SNR was 20 dB,
and in the bottom row, the channel SNR was 0 dB. In these
images, the element pairs (n, m) were only utilized if their
normalized cross-correlation fell within the band indicated at
the top of each image. For example, in the left column, velocity
estimation was performed using all element pairs (n, m) where
the signal correlation fell between 0.1 and 0.2. Clearly, at
the low- to mid-range correlations, the contribution of those
element pairs to the velocity estimation yielded only noisy
estimates. The majority of the element pairs that contributed
to accurate velocity estimation had correlations in the range
of 0.9 to 1.

While it may seem unusual that a relatively good estimation
of velocity can be obtained from this data given that only
high correlations contribute to proper velocity estimation, it
must be noted that a significant number of the element pairs
fall within the high correlations, and relatively few fall within
the low correlation bins. With the addition of noise, however,
greater numbers of element pairs begin to fall into the lower
correlation bins, as shown in the bottom row of Fig. 1. In the
bottom row, the low channel SNR increases the influence of
the random velocity estimates of the lower correlation bins.

While adaptively selecting element pairs based on their
correlation would theoretically yield lower jitter errors, it is
not a practical solution because it requires a calculation of
a separate correlation matrix that is unused in the velocity
calculation. Instead, we rely theoretical spatial correlation
between the element pairs, according to the van Cittert-Zernike
theorem [3], and in the manner similarly described by Hyun et

Fig. 2. Jitter (and bias) of the velocity estimate using Kasai and coherent
Kasai (CK) methods as a function of lag, or theoretical correlation equal
to 1 − lag/N . The simulated flow velocity was 40 mm/s with 0 dB channel
noise. The jitter is represented by the standard deviation bars of the plot,
and is smaller for the CK method compared to conventional Kasai. Bias is
represented as the deviation of the curve from zero. (Conventional Kasai uses
all lags and is plotted at each lag value for easy comparison.)
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Fig. 3. Color Doppler images of simulated blood vessel (no B-mode overlay)
comparing Kasai, coherent Kasai (CK), Loupas, and coherent (CL) Loupas
methods. The channel noise in these images was -20 dB relative to the blood
signal. The jitter in these velocity estimates decreased form approximately
6.0 mm/s in the conventional Kasai method to 2.5 mm/s in the CK method.

al[5]. In this case, a velocity estimation based on the selection
of highly coherent element signals can be implemented more
efficiently by using predetermined element pairs. For example,
for the array utilized in the Field II simulations, an element
correlation of 0.9 corresponds to all element pairs that are
within a spacing equal to 10 times the element pitch (i.e. a
lag of 10). Fig. 2 compares the conventional Kasai method
to the coherent Kasai (CK) as a function of lag (theoretical
correlation). The jitter is represented by the standard deviation
bars, and shows a lower jitter compared to conventional Kasai.
Bias is also shown in this plot, but is variable as a function
of lag. In our experience, the bias can vary on a case-to-case
basis.

Fig. 3 demonstrates a comparison of velocity estimation in

Figure 5.1: Velocity images formed by utilizing only those element pairs with
normalized correlation values falling different ranges. The range of correlation values
for each image is indicated at the top of the image. The top row of the images were
formed with noise at 20 dB below the blood signal and the bottom row shows images
formed with noise at 0 dB relative to the blood signal. The colorbars on the right
show the scale of velocities with units of m/s.

pulse repetition frequency was 500 Hz. The backscattered waves were received by the

same transducer and dynamically focused with an F/2 setting. The delay compen-

sated IQ signals were then filtered using a 5th-order, projection-initialized, high-pass

Butterworth filter with a cutoff frequency of 12.5 Hz to remove stationary clutter.

The coherent estimators, as well as the original Kasai and Loupas estimators, were

applied to the filtered data to produce velocity estimation. For the coherent esti-

mators, a cutoff threshold of 0.64 in theoretical correlation was used, corresponding

to 15 receive elements. The threshold is lower than in the simulation, because the

synthetic aperture sequence induces higher decorrelation due to fluid motion during

the acquisitions.

5.4 Results

5.4.1 Simulation results

Fig. 5.1 shows the velocity images formed by utilizing only those element pairs with

normalized correlation values falling into different ranges. The range of correlation
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3.2. Phantom Experiments

A flow-phantom experiment was performed using an ATS
Model 527 flow phantom (ATS Laboratories, Bridgeport, CT,
USA) connected to a peristaltic pump (REGLO Digital MS
2/12, IDEX Health & Science LLC, Oak Harbor, WA, USA).
ATS 707 ultrasound Doppler test fluid was used within the
flow vessels and the flow was calibrated to 10 mm/s. The
flow vessel was 2 mm in diameter and a Verasonics L12-3v
linear transducer (Verasonics Inc., Redmond, WA, USA) was
angled at 15� to the transducer normal. The L12-3v trans-
ducer was connected to a Verasonics Vantage 256 ultrasound
research scanner to collect the channel data from the Doppler
pulse sequence. A plane-wave synthetic-transmit-aperture
aperture pulse sequence was used to allow for fast color flow
imaging of the entire field of view. The pulse sequence uti-
lized a Doppler ensemble size of 15, where each ensemble
element consisted of 17 plane wave transmits covering an
angle range of ±8� about transducer normal, corresponding
to an effective F/3.55 transmit. The configuration resulted
in an effective pulse repetition frequency of 500 Hz in the
Doppler ensemble. A transmit voltage of 10 V was used,
which is a moderate voltage level for ultrasound transmission
and increases the thermal noise. A F/2 configuration was
used for the receive beam. A 5th-order, projection-initialized,
high-pass Butterworth filter with a cutoff-frequency of 12.5
Hz was used for the wall filter on the Doppler ensemble chan-
nel signals prior to image reconstruction. For the coherent
techniques, a theoretical correlation of 0.64 was used, corre-
sponding to a maximum element lag of 15 elements. A lower
theoretical correlation was used here compared to the sim-
ulations because of the transmit sequences used, which has
greater decorrelation due to the fluid flow during synthetic
aperture reconstruction.

4. RESULTS AND DISCUSSION

Fig. 1 displays the simulated velocity images (unprocessed)
formed using the conventional and coherent velocity estima-
tors for the simulated blood vessel. Fig. 2 shows cross sec-
tions of the vessels from Fig. 1. In the coherent estimator
images, the covariance terms where the theoretical correla-
tion is less than 0.81 (i.e. element pairs with lags greater than
14) are removed from the velocity calculation. Within the
flow region of the conventional (Kasai; Loupas) estimators,
the images show flow values near 30 mm/s. However, there
is variation in the flow values due to the moderately strong
thermal noise, and in some areas, the flow estimation is incor-
rect or disrupted. In the coherent estimators, these variations
are reduced and the velocity calculation in areas of incorrect
or disrupted estimates is restored. The standard deviation of
the error in the velocity estimates (i.e. the jitter) in the con-
ventional estimators is 7.0 and 4.9 mm/s for the Kasai and
Loupas estimators, respectively. The jitter is reduced to 2.5

Fig. 1. Simulated velocity images (unprocessed) formed by
eliminating covariance terms where element signals are the-
oretically correlated less than 0.81. In the conventional esti-
mators, there are significant variations in velocity visible in
the flow region. These variations are reduced in the coherent
estimators.

Fig. 2. Depth cross-sections of the vessels in Fig. 1. Ka-
sai’s method typically shows greater jitter in the flow esti-
mates than Loupas. The impact of the coherent Kasai and
Loupas methods are more apparent in these cross-sections.

and 3.3 mm/s, respectively, for the coherent Kasai and Loupas
estimators.

In addition, the variation in the background (non-flow re-
gions) of the simulations is significantly reduced. This is im-
portant because significant effort is required to differentiate
flow signal from non-flow signal for prioritization of the color
flow imaging in duplex imaging (i.e. concurrent color flow
and B-mode imaging). The impact of the reduction in esti-
mator variance is made more apparent in the cross-sectional
images of Fig. 2.

Fig. 3 demonstrates the unprocessed velocity images from
the flow phantom experiments. In these images, there is loss
in flow signal on the right side of the vessel because the vessel
is not perfectly aligned with the imaging plane. This is appar-
ent by the strong reflection from the vessel wall on the right
side of the duplex image (see Fig. 4). The unprocessed veloc-
ity images from the conventional estimators (Kasai; Loupas)
show significantly more velocity errors than the raw simula-
tion images, including aliasing errors within the vessel. The
coherent estimators improve the estimation, but do not com-
pletely fix the aliasing errors. The jitter error within the flow
region was reduced from 11.1 mm/s in the conventional Ka-

242

Figure 5.2: Estimated velocities from the simulation. For the coherent estimators,
covariance terms were eliminated where element signals are theoretically correlated
less than 0.81. In the estimates by conventional estimators, there is significant jitter
in the velocity in the flow region. The jitter is significantly reduced by the coherent
estimators.

values for each image is indicated at the top of the image. The top row of the images

were formed with noise at 20 dB below the blood signal and the bottom row shows

images formed with noise at 0 dB relative to the blood signal. The images show

that most of the velocity information is contained in element signal pairs having

a correlation in the range of 0.9–1. The element signal pairs in other correlation

ranges mostly contributed to jitter. As the correlation approaches 0, jitter increases.

In addition, the increase of thermal noise increases jitter and reduces the usable

element signal pairs.

Fig. 5.2 shows the simulated velocity estimates produced by Kasai, coherent

Kasai, Loupas, and coherent Loupas estimators. Estimated velocities from the simu-

lation. For the coherent estimators, covariance terms were eliminated where element

signals are theoretically correlated less than 0.81. In the estimates produced by the

conventional estimators, high jitter is visible in both stationary tissue regions and

vessel regions. Decorrelation of the signals across the receive aperture contributes to

the jitter in both regions. The jitter in the flow regions is also caused by decorre-

lation due to flow. It can be seen that the coherent estimators reduces the jitter in

both flow and stationary tissue regions.

Fig. 5.3 shows the bias and jitter of the velocity estimates using Kasai and
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Fig. 1. Velocity images formed by utilizing only those element pairs with
normalized correlations falling into the bins indicated at the top of each figure.
The top row of images were formed with noise at 20 dB below the blood signal
and the bottom row shows images formed with noise at equal magnitude to
the blood signal.

eliminated from Eq. 6 and the corresponding coherent version
of the Loupas method, and the velocity and displacement
measurements were performed without the (n, m) incoherent
pairs.

IV. RESULTS AND DISCUSSION

Fig. 1 displays the velocity images formed using Eq. ??
for two cases. In the top row, the channel SNR was 20 dB,
and in the bottom row, the channel SNR was 0 dB. In these
images, the element pairs (n, m) were only utilized if their
normalized cross-correlation fell within the band indicated at
the top of each image. For example, in the left column, velocity
estimation was performed using all element pairs (n, m) where
the signal correlation fell between 0.1 and 0.2. Clearly, at
the low- to mid-range correlations, the contribution of those
element pairs to the velocity estimation yielded only noisy
estimates. The majority of the element pairs that contributed
to accurate velocity estimation had correlations in the range
of 0.9 to 1.

While it may seem unusual that a relatively good estimation
of velocity can be obtained from this data given that only
high correlations contribute to proper velocity estimation, it
must be noted that a significant number of the element pairs
fall within the high correlations, and relatively few fall within
the low correlation bins. With the addition of noise, however,
greater numbers of element pairs begin to fall into the lower
correlation bins, as shown in the bottom row of Fig. 1. In the
bottom row, the low channel SNR increases the influence of
the random velocity estimates of the lower correlation bins.

While adaptively selecting element pairs based on their
correlation would theoretically yield lower jitter errors, it is
not a practical solution because it requires a calculation of
a separate correlation matrix that is unused in the velocity
calculation. Instead, we rely theoretical spatial correlation
between the element pairs, according to the van Cittert-Zernike
theorem [3], and in the manner similarly described by Hyun et

Fig. 2. Jitter (and bias) of the velocity estimate using Kasai and coherent
Kasai (CK) methods as a function of lag, or theoretical correlation equal
to 1 − lag/N . The simulated flow velocity was 40 mm/s with 0 dB channel
noise. The jitter is represented by the standard deviation bars of the plot,
and is smaller for the CK method compared to conventional Kasai. Bias is
represented as the deviation of the curve from zero. (Conventional Kasai uses
all lags and is plotted at each lag value for easy comparison.)
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Fig. 3. Color Doppler images of simulated blood vessel (no B-mode overlay)
comparing Kasai, coherent Kasai (CK), Loupas, and coherent (CL) Loupas
methods. The channel noise in these images was -20 dB relative to the blood
signal. The jitter in these velocity estimates decreased form approximately
6.0 mm/s in the conventional Kasai method to 2.5 mm/s in the CK method.

al[5]. In this case, a velocity estimation based on the selection
of highly coherent element signals can be implemented more
efficiently by using predetermined element pairs. For example,
for the array utilized in the Field II simulations, an element
correlation of 0.9 corresponds to all element pairs that are
within a spacing equal to 10 times the element pitch (i.e. a
lag of 10). Fig. 2 compares the conventional Kasai method
to the coherent Kasai (CK) as a function of lag (theoretical
correlation). The jitter is represented by the standard deviation
bars, and shows a lower jitter compared to conventional Kasai.
Bias is also shown in this plot, but is variable as a function
of lag. In our experience, the bias can vary on a case-to-case
basis.

Fig. 3 demonstrates a comparison of velocity estimation in

Figure 5.3: Bias and jitter of the velocity estimates using Kasai and coherent Kasai
estimators, shown as a function of maximum lag, or the theoretical correlation equal
to 1-lag/N. The simulated flow velocity was 40 mm/s with 0 dB channel noise relative
to blood signal. The biases is represented by the deviation of the curve from 0. The
jitters is represented by the error bar of the curves.

coherent Kasai estimators as a function of maximum lag, or the theoretical correlation

equal to 1-lag/N. The simulated flow velocity was 40 mm/s with 0 dB channel noise

relative to blood signal. The biases is represented by the deviation of the curve

from 0. The jitters is represented by the error bar of the curves. The coherent

Kasai estimator consistently shows a jitter (6 mm/s) smaller than that of the Kasai

estimator (12 mm/s). The maximum reduction is approximately 50 %. As the

maximum lag increases from 1 to 27, the bias of the coherent Kasai estimator changes

from 8 mm/s to -2 mm/s, while the bias of the conventional Kasai estimator is -3

mm/s.

Fig. 5.4 shows the estimation jitter as a function of displacement in the bulk

displacement simulations for the estimators, as a function of displacement magnitude.

Both coherent estimators outperform their conventional counterpart. In addition,

coherent Loupas estimator shows lower jitter than coherent Kasai estimator. Jitter

improvements are greater at the larger displacements.

Fig. 5.5 shows the tracked displacement field utilizing the four tracking methods.
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Fig. 4. Jitter measurements as a function of bulk displacement from each of
the four displacement estimators.

a 2 mm vessel using conventional Kasai (left) and coherent
Kasai (CK; middle-left). In these images, the theoretical
correlation used to create these images is 0.9 (i.e. a lag of
10). Similar modifications can be made to the Loupas velocity
estimator and are also shown in Fig. 3 as Loupas (middle-
right) and coherent Loupas (CL; right). In these images, it is
apparent that the jitter of the velocity estimate within the vessel
is much lower in the two coherent beamforming versions (CK
and CL).

CK and CL methods were also applied to bulk and radiation
force displacement estimation. The jitter associated with bulk
displacement estimates using Kasai, CK, Loupas, and CL
methods are shown in Fig. 4 as a function of displacement
magnitude. Both coherence methods, CK and CL, improve
jitter compared to their respective conventional method. Jitter
improvements are greater at the larger displacements. Larger
jitter occurs at larger displacements because there is a greater
change in the interrogation angle of the speckle with respect
to the individual elements of the transducer compared to small
displacements.

The CK and CL estimators were then applied to displace-
ment fields created by acoustic-radiation-force finite-element
simulation where the SNR of the channel signals was 5 dB.
The jitter in these estimates is less obvious than the velocity
and bulk displacement estimation. However, analysis of the
jitter in the zero-displacement region (i.e. the blue region)
shows that the jitter error for Kasai, CK, Loupas, and CL
are 1.9, 0.9, 1.2, and 0.5 µm, respectively. While this does
not appear to be a large decrease in jitter, this is relatively
significant for in vivo cases where noise can higher and the
maximum displacement may be on the order of 5µm.

V. CONCLUSIONS

We have introduced method for reducing jitter errors due
to tracking partially coherent speckle signals. These methods
can be considered coherent beamforming methods, as they

Fig. 5. Tracked displacement field utilizing the four tracking methods. Small
differences can be observed between the conventional and coherent methods.
In particular, the coherent methods eliminated displacement dropout in the
peak displacement region. In these images, the channel signals had 5 dB SNR.
The scale of these images ranges from 0 microns (dark blue) to approximately
17 microns (yellow).

ultimately alter the information utilized in the delay-and-sum
beamforming method to use only the high coherence channel
signals. These methods eliminate the incoherent signal pairs by
a calculation of the element correlation or by thresholding with
a theoretical correlation limit. By eliminating the incoherent
signal pairs, these method demonstrated a reduction in jitter.
In addition, these methods are not limited to the phase-shift
estimators we use here, but in fact can be defined in terms
of the real signals, such that they can be used in time-delay
estimators that utilize RF signals
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can be considered coherent beamforming methods, as they
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a calculation of the element correlation or by thresholding with
a theoretical correlation limit. By eliminating the incoherent
signal pairs, these method demonstrated a reduction in jitter.
In addition, these methods are not limited to the phase-shift
estimators we use here, but in fact can be defined in terms
of the real signals, such that they can be used in time-delay
estimators that utilize RF signals
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Fig. 3. Unprocessed velocity images from the flow phantom
using Kasai, Coherent Kasai, Loupas, and Coherent Loupas
estimators. The jitter error in the flow region of the raw veloc-
ity estimates are 11.1, 8.2, 5.5, and 3.9 ms from left to right.
The jitter error in the non-flow regions are 1.1, 0.6, 1.1, and
0.5 mm/s from left to right.

Fig. 4. Duplex images containing processed and prioritized
color flow images overlayed on the grayscale B-mode image.

sai estimator to 8.2 mm/s with the coherent Kasai estimator
and from 5.5 mm/s with the conventional Loupas estimator
to 3.9 mm/s with the coherent Loupas estimator. In the non-
flow region, the error was reduced from 1.1 to 0.6 mm/s using
coherent Kasai and was reduced from 1.1 mm/s to 0.5 mm/s
using coherent Loupas.

The unprocessed velocity images were then post-processed
using a low-pass filter and a priority threshold to display a du-
plex image typically used in clinical settings. This processing
demonstrates the impact of the coherent velocity estimation
techniques as would be observed in a clinical setting. In the
duplex images, the grayscale B-mode image is shown with
40 dB of dynamic range, while the priority setting (i.e. ve-
locity threshold) of the color flow image is set to 15% of the
maximum velocity. The duplex images are shown in Fig. 4
and compare the conventional estimators with the coherent
estimators. The primary advantages of the coherent esti-
mators visible in these images are the reduction in spurious
color signal outside the flow region and the smoother, more
uniform flow detection within the vessel. The disadvantage
of the coherent estimators is apparent in the region where
the vessel is partially out-of-plane, which is on the right side
of the image (yellow arrow). The bright reflection from the

vessel wall creates a deterministic spatial correlation pattern
that is inconsistent with the spatial decorrelation of diffuse
scatterers (e.g. there may be low correlations at short-lags
and high correlations at long-lags). In this scenario, the sub-
stitution of a limited lag for a correlation threshold breaks
down because the useful velocity information may appear
at element pairs that are outside the lag limit used by the
coherent estimators.

5. CONCLUSIONS

We have introduced a method for reducing jitter errors due
to tracking partially coherent speckle signals in thermal and
acoustic noise. This methods eliminates the covariance terms
associated with incoherent signal pairs by a calculation of the
element correlation or by thresholding with a theoretical cor-
relation limit. We have demonstrated this technique in sim-
ulation and flow phantom experiments and have shown that
they reduce jitter error in the velocity calculation. While we
have demonstrated these methods with phase shift estimators
in a velocity calculation, this method is also applicable to
time-delay and displacement estimators.
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Figure 5.6: Unprocessed velocity images from the flow phantom using Kasai, co-
herent Kasai, Loupas, and coherent Loupas estimators. The jitter error in the flow
region of the raw velocity estimates are 11.1, 8.2, 5.5, and 3.9 mm/s from left to
right. The jitter error in the non-flow regions are 1.1, 0.6, 1.1, and 0.5 mm/s from
left to right.

Small differences can be observed between the conventional and coherent methods.

In particular, the coherent methods eliminated displacement dropout in the peak

displacement region. In these images, the channel signals had 5 dB SNR. The scale

of these images ranges from 0 microns to approximately 17 microns. The jitter in

these estimates is less obvious than in the velocity and bulk displacement estimation.

However, analysis of the jitter in the zero-displacement regions shows that the jitter

for Kasai, coherent Kasai, Loupas, and coherent Loupas estimators are 1.9, 0.9, 1.2,

and 0.5 µm, respectively. This is relatively significant for in-vivo cases where noise

can be higher and the maximum displacement be on the order of 5 µm.

5.4.2 Experiment results

Fig. 5.6 demonstrates the unprocessed velocity images from the flow phantom ex-

periments. In these images, there is loss in flow signal on the right side of the vessel

because the vessel is not perfectly aligned with the imaging plane. This is apparent

by the strong reflection from the vessel wall on the right side of the duplex image

(see Fig. 5.7). The unprocessed velocity images from the conventional estimators

(Kasai, and Loupas) show significantly more velocity errors than the raw simulation

images, including aliasing errors within the vessel. The coherent estimators improve

the estimation, but do not completely fix the aliasing errors. The jitter error within
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Fig. 3. Unprocessed velocity images from the flow phantom
using Kasai, Coherent Kasai, Loupas, and Coherent Loupas
estimators. The jitter error in the flow region of the raw veloc-
ity estimates are 11.1, 8.2, 5.5, and 3.9 ms from left to right.
The jitter error in the non-flow regions are 1.1, 0.6, 1.1, and
0.5 mm/s from left to right.

Fig. 4. Duplex images containing processed and prioritized
color flow images overlayed on the grayscale B-mode image.

sai estimator to 8.2 mm/s with the coherent Kasai estimator
and from 5.5 mm/s with the conventional Loupas estimator
to 3.9 mm/s with the coherent Loupas estimator. In the non-
flow region, the error was reduced from 1.1 to 0.6 mm/s using
coherent Kasai and was reduced from 1.1 mm/s to 0.5 mm/s
using coherent Loupas.

The unprocessed velocity images were then post-processed
using a low-pass filter and a priority threshold to display a du-
plex image typically used in clinical settings. This processing
demonstrates the impact of the coherent velocity estimation
techniques as would be observed in a clinical setting. In the
duplex images, the grayscale B-mode image is shown with
40 dB of dynamic range, while the priority setting (i.e. ve-
locity threshold) of the color flow image is set to 15% of the
maximum velocity. The duplex images are shown in Fig. 4
and compare the conventional estimators with the coherent
estimators. The primary advantages of the coherent esti-
mators visible in these images are the reduction in spurious
color signal outside the flow region and the smoother, more
uniform flow detection within the vessel. The disadvantage
of the coherent estimators is apparent in the region where
the vessel is partially out-of-plane, which is on the right side
of the image (yellow arrow). The bright reflection from the

vessel wall creates a deterministic spatial correlation pattern
that is inconsistent with the spatial decorrelation of diffuse
scatterers (e.g. there may be low correlations at short-lags
and high correlations at long-lags). In this scenario, the sub-
stitution of a limited lag for a correlation threshold breaks
down because the useful velocity information may appear
at element pairs that are outside the lag limit used by the
coherent estimators.

5. CONCLUSIONS

We have introduced a method for reducing jitter errors due
to tracking partially coherent speckle signals in thermal and
acoustic noise. This methods eliminates the covariance terms
associated with incoherent signal pairs by a calculation of the
element correlation or by thresholding with a theoretical cor-
relation limit. We have demonstrated this technique in sim-
ulation and flow phantom experiments and have shown that
they reduce jitter error in the velocity calculation. While we
have demonstrated these methods with phase shift estimators
in a velocity calculation, this method is also applicable to
time-delay and displacement estimators.
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Figure 5.7: Duplex images containing processed and prioritized color flow images
overlayed on the gray-scale B-mode image.

the flow region was reduced from 11.1 mm/s in the conventional Kasai estimator to

8.2 mm/s with the coherent Kasai estimator and from 5.5 mm/s with the onventional

Loupas estimator to 3.9 mm/s with the coherent Loupas estimator. In the non-flow

region, the error was reduced from 1.1 to 0.6 mm/s using coherent Kasai and was

reduced from 1.1 mm/s to 0.5 mm/s using coherent Loupas.

The unprocessed velocity images were then post-processed using a low-pass filter

and a priority threshold to display a duplex image typically used in clinical settings.

This processing demonstrates the impact of the coherent velocity estimation tech-

niques as would be observed in a clinical setting. In the duplex images, the grayscale

B-mode image is shown with 40 dB of dynamic range, while the priority setting (i.e.

velocity threshold) of the color flow image is set to 15% of the maximum velocity.

The duplex images are shown in Fig. 5.7 and compare the conventional estimators

with the coherent estimators. The primary advantages of the coherent estimators

visible in these images are the reduction in spurious color signal outside the flow

region and the smoother, more uniform flow detection within the vessel.
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5.5 Conclusion

We have introduced coherent phase-shift and time-shift estimators for tracking par-

tially coherent ultrasonic speckle signals in the presence of thermal and acoutic noise.

The estimators are variants of Kasai and Loupas estimators, and operate on time-

delayed channel signals. They eliminate the covariance terms associated with the

incoherent signals pairs by a calculation of the element signal correlation or by thresh-

olding with a theoretical correlation limit. We have demonstrated and characterized

the coherent estimators using simulations of flow, bulk displacement, and acoustic

radiation force displacement. The coherent estimators consistently produces less jit-

ter than the Kasai and Loupas estimators. The reduction of jitter can be as high

as 50%. We have also demonstrated the coherent estimators in a flow phantom ex-

periments and have shown that they reduce jitter error in the velocity estimation in

experiments.
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6

In-vivo Detection of Liver Vasculature using
Coherent Flow Power Doppler (CFPD) Imaging

6.1 Introduction

Ultrasonic Doppler imaging methods are widely used tools for flow analysis and

vessel detection in liver. The application of Doppler in liver imaging includes stenosis

detection [6], thrombosis prediction [7], hepatic vein pressure measurement [8], focal

liver lesion detection [9], evaluation of tumor therapeutic response [10], and liver

vascularity assessment [11].

However, important limitations exist in the clinical applications of Doppler imag-

ing. For power Doppler (PD) imaging, the limitations include the trade-off between

frame rate and image quality [12] [13], particularly in deep organs, including the

liver. In addition, although PD is more sensitive than color Doppler in slow flow de-

tection, detection is limited by signal-to-noise ratio (SNR), which deteriorates with

imaging depth. If the thermal noise has higher energy than the blood signal, blood

flow becomes difficult to detect with power Doppler. This limits the performance of

PD in deeply located sections of liver [14] with low SNR. Typically, the frame rate

116



of power Doppler is limited to a few frames per second, and the detection threshold

for flow is on the order of 10 mm/s under high SNR conditions.

In clinics, these limitations result in low temporal resolution [15] and poor detec-

tion of slow flow. It has been reported that PD has relative low sensitivity in liver

lesion detection [9], and that it is difficult to produce reliable diagnosis when targets

are deep or there is not sufficient blood flow [13] [16]. Limitations are more severe in

patients with high body mass index (BMI). The increased abdominal layer thickness

in such patients results in both higher attenuation and reverberation clutter [17].

To overcome the limitations imposed by thermal noise and other spatially in-

coherent noise sources on Doppler imaging, we recently proposed and demonstrated

coherent flow power Doppler (CFPD) imaging [119] [120]. CFPD imaging differs from

conventional PD imaging by detecting flow from the spatial coherence of backscat-

tered waves from blood. Because the spatial coherence properties of blood signal are

significantly different from those of thermal noise and other spatially incoherent noise

sources, CFPD has been shown to provide approximately 7.5 – 12.5 dB improvement

in SNR as compared to PD [120]. In addition, the depth-dependent deterioration of

SNR is largely alleviated by CFPD. Previous studies have shown evidence to suggest

improvement detection of small vessels and slow flow using CFPD in simulations,

flow phantom experiments, and in-vivo porcine studies [120].

To demonstrate clinical feasibility of CFPD, we have conducted a pilot clinical

study on 15 healthy human subjects. A real-time CFPD imaging system was con-

structed using a Verasonics Vantage 256 system. A total of 132 valid data sets were

acquired on the human subjects. Quantitative analysis of the CFPD and PD images

produced with in-vivo data show that in all cases, CFPD images have higher SNR

than PD images, with an average SNR improvement of 8.6 dB. Doppler images of

small vessels suggests that the improvement of SNR by CFPD translates to more

complete and accurate detection of small vessels.
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6.2 Background: Principles of CFPD imaging

The details of CFPD imaging have been presented in [1] and [2]. The principles are

adapted from [2] and summarized below.

CFPD processing starts with an ensemble of radio-frequency (RF) channel data

in the same manner as PD imaging. The imaging sequence to collect the RF data can

be a focused transmit sequence or synthetic transmit aperture sequence. Received

RF channel data are time delayed and filtered across the ensemble dimension to

remove stationary tissue clutter. Previously, high-pass Butterworth filters have been

used with CFPD processing. To achieve better tissue motion removal, advanced

spatiotemporal filters that were based on singular value decomposition (SVD) can

also be used with CFPD processing. The filtered RF channel data for each scan

are then processed with the SLSC beamformer. The SLSC beamformer computes

the normalized covariance of the signals across the receive aperture domain for every

pair of receive elements. The normalized covariance is defined as

R̂pmq “
1

N ´m

N´m
ÿ

i“1

řn2

n“n1
sipnqsi`mpnq

b

řn2

n“n1
s2
i pnq

řn2

n“n1
s2
i`mpnq

, (6.1)

in which n is the fast-time index, sipnq is the signal for element i and si`mpnq for

element i ` m of the transducer, and m, defined as lag, is the spacing between

elements. N is the number of transducer elements in the active aperture and is

determined by the F-number and focal depth of the system, and n2´n1 is the kernel

size for the cross-correlation calculation.

The SLSC value is computed by summing the spatial correlation values produced

with Eq. 6.1 over M lags

Vslsc “
M
ÿ

m“1

R̂pmq, (6.2)
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where M is an integer number of elements, corresponding to approximately 5-30% of

the size of the transmit aperture.

A modified Loupas power estimator is then applied to the SLSC data to produce

CFPD image:

CFPDpx, zq “
P
ÿ

p“1

V 2
slscpx, z, pq, (6.3)

where Vslscpx, z, pq is the SLSC signal calculated with Eq. 6.2 for the pth acquisition,

px, zq are the spatial coordinates, and P is the ensemble length used in the estima-

tor. Equation 6.3 is the power of the integrated normalized and windowed spatial

correlation function (i.e., the power of the SLSC beamformed data). Note that the

original power Doppler estimator by Loupas et al. [95] is

PDpx, zq “
z`∆z
ÿ

z“z´∆z

P
ÿ

p“1

S2
px, z, pq, (6.4)

in which, Spx, z, pq is the delay-and-summed RF signal, and ∆z is the axial averaging

kernel length. The estimator used for CFPD differs from the original Loupas power

estimator, which employs axial averaging. Axial averaging is not used in the power

estimation of CFPD, because it is already applied in the SLSC beamformer as shown

in Eq. 6.1.

6.3 Methods: clinical study and data analysis

This HIPAA compliant prospective study was approved by an Institutional Review

Board of our institution and written consent was obtained from all participating

healthy volunteers.
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6.3.1 Patient population

A total of 15 healthy volunteers were included in the study; all of them underwent

a physical examination by a medical doctor within 6 month of the image acquisition

with no sign of a major disease, especially not a liver or vascular disease. The

participants had a mean age of 33 years (range 28 - 38 years), a diversity in ethnicity

(8 White, 4 Asian, 3 Arabian) and gender (10 men, 66.7%; and 5 women, 33.3%).

6.3.2 The system and the acquisition sequence

For data acquisition, a real-time CFPD system was built based on a Verasonics

Vantage 256 system, a GPU-based software beamformer, and a curvilinear C5-2v

transducer.

The imaging sequence utilizes synthetic transmit aperture technique with a curvi-

linear array C5-2v to achieve high frame rate Doppler imaging. The transducer spec-

ifications and transmit pulse profile are listed in Table 6.1. The imaging sequence

was an extension to plane-wave synthetic transmit aperture imaging on linear arrays.

For each acquisition in a Doppler ensemble, the emission sequence consisted in the

transmission of 7 diverging waves at different steering angles. The steering angles

were determined by the 7 transmit phase delay profiles that were linear with respect

to transmit element number. On a linear transducer with the same element pitch

and total element number as the C5-2v transducer, the 7 phase delay profiles uti-

lized in the emission sequence would result in 7 transmit plane waves with steering

angles ranging from ´15˝ to 15˝ with a step angle of 5˝. However, on a curvilinear

C5-2v transducer, due to the convex transducer surface, the emitted wavefronts for

all steering angles have non-infinite radii of curvature. Examples of transmit phase

delay profile across the transducer elements and corresponding transmitted wave-

fronts are shown in Fig. 6.1. In Fig. 6.1(a), three phase delay profiles (TX1, TX2,

and TX3) are shown. On a linear transducer with the same element pitch and total
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Table 6.1: Transducer specifications and transmit pulse profile

Transducer parameters
Number of elements 128

Lateral pitch 0.5 mm
Radius of curvature 49.6 mm

Angular span ˘37.29˝

Elevation focus 60 mm

Transmit and receive parameters
Transmit center frequency 2.98 MHz

fractional bandwidth 0.25
Transmit pulse window Gaussian

element number as the C5-2v transducer, the three phase delay profiles would pro-

duce plane wave transmits with steering angles of ´15˝, ´5˝, and 10˝, respectively.

When the same delay profiles were applied to C5-2v, with the curvature of the C5-2v

transducer, however, the three phase delay profiles resulted in three curved transmit

wavefronts, as shown in Fig. 6.1(b). This type of diverging wave transmit was cho-

sen over plane wave transmit due to its simplicity in implementation and its de-facto

equivalence to plane-wave synthetic transmit aperture imaging.

The backscattered waves from all transmit were sampled at a frequency of 11.90

MHz. The process was repeated to collect Doppler data with an ensemble length of

8 at a Doppler pulse repetition frequency of 500 Hz.

All signals were processed in real time as described in Sec. 6.2 on an Nvidia

Geforce GTX 1080 Ti graphics card. The received RF signals were transmitted from

the Verasonics memory to the computer memory, and then to the memory of the

graphics card. A software beamformer was written with CUDA C++ [151]. Time-

delay compensation for dynamic focusing, coherent summation of the signals, PD

and CFPD processing, and scan conversion were performed on the graphics card.

After processing, the PD, CFPD, and B-mode images were sent back from the GPU
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Figure 6.1: Examples of transmit delay profiles and transmitted wavefronts uti-
lized in the study on a C5-2v transducer with a center frequency of 2.98 MHz. (a)
Three examples of phase delay profiles in the unit of wavelength. The phase delays
are linear with respect to the element number. On a linear array with 128 elements,
0.5 mm element pitch, and a center frequency of 2.98 MHz, the phase delay profiles
TX1, TX2, and TX3 would produce three plane wave transmits with steering angles
of ´15˝, ´5˝, and 10˝, respectively. (b) Transducer element locations on the curvilin-
ear C5-2v transducer, and transmitted wavefronts from the C5-2v transducer, using
the three phase delay profiles in (a). The origin is the apex of the transducer, and
the transducer elements are 49.6 mm from the apex, spanning an angular range of
˘37.29˝. The curvature of the transducer element surface results in curved trans-
mitted wavefronts. The spatial dimensions in this figure are drawn to scale.

memory to the computer memory for display.

During the clinical study, the data acquisition, processing, and display were con-

ducted consecutively and continuously to provide real-time visualization of the liver

vasculature. The frame rate with an axial field of view (FOV) of 10 cm and a lateral

FOV of 4 cm is 10 fps.
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6.3.3 Image acquisition

Prior to ultrasound imaging of the liver, all healthy volunteers were asked to fast for

at least 8 hours, and were given a 400 - 500 calories meal 30 minutes before the scan to

increase blood flow to the liver. All healthy volunteers were placed in supine position

with the right arm elevated above the shoulder to increase the acoustic window. The

images were performed by a board-certified radiologist with 4 years of experience in

abdominal ultrasound using the CFPD system. On each subject, the sonographer

performed the scan using the real-time imaging mode of the CFPD system to locate

the liver and liver vessels on the subject, and then requested the subject to hold

their breath for the period of the acquisition to minimize motion artifact. For each

acquisition on a human volunteer, the RF channel Doppler data for a duration of

0.256 second, corresponding to an ensemble length of 128, were recorded for later

processing and analysis. A total of 132 valid data sets were acquired.

6.3.4 Data processing and analysis

The RF channel Doppler data acquired in the clinical study were processed and an-

alyzed. For each acquisition in a Doppler packet, the data acquired with different

transmit angles were dynamically focused and coherently summed to produce syn-

thetic transmit aperture RF channel data. The STA RF channel data were then

processed in a similar way as the real-time mode to produce Doppler video streams.

For a Doppler video stream, the Doppler data with an ensemble length of 128 were

consecutively grouped into ensembles of 8. Denoting the time-delayed channel signal

for one acquisition as spx, z, c, T q, in which x and z represent lateral and depth

dimensions, respectively, c represents the receive channel index, and T represent

the slow time index, ranging from 1 to 128. For the ith frame in the video, the

signal group tspx, z, c, T q; i ď T ă i ` 8u were used. The filter was applied to the

slow time dimension to remove stationary clutter, producing post-filtering signal
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sflowpx, z, c, T q; i ď T ă i ` 8. The ith frame of the PD video stream was produced

as

PDipx, zq “
ÿ

T

˜

ÿ

c

sflowpx, z, c, T q

¸2

, i ď T ă i` 8. (6.5)

The ith frame of the CFPD video stream was produced as

CFPDipx, zq “
ÿ

T

pSLSCpsflowpx, z, c, T qqq
2 , i ď T ă i` 8. (6.6)

For display, log-compression was applied to all PD and CFPD images. The PD

and CFPD images were then fused with gray scale B-mode images. For the video

stream, persistence was applied.

The quality of the PD and CFPD images were quantitatively analyzed using the

measurement of signal-to-noise ratio (SNR). The vessel and background regions were

manually identified, and the SNR for each PD image was measured as

SNR “ 10 log10

RMSpPDsigpx, zqq

RMSpPDbkgdpx, zqq
, (6.7)

in which, PDsigpx, zq and PDbkgdpx, zq represent the PD signals in the vessel region

and background, respectively. The function RMSp¨q indicates the spatial root-mean-

square of the signal.

The SNR of the CFPD image was measured in the same way.

6.4 Results

6.4.1 Images and videos

Fig. 6.2 shows one example of PD and CFPD images, and the center axial cross-

sections of them. In Fig. 6.2 (a), the display dynamic ranges of the images have

been adjusted individually to best show the vessels in the periphery of the liver. For

the CFPD image, the dynamic range is 22.5 dB, and for PD images, three dynamic
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ranges of 10 dB, 12.5 dB, and 17.5 dB are used to demonstrate the trade-off between

vessel visualization and thermal noise suppression.

In both the CFPD image and the PD image with 35 dB dynamic range, the

vessels from 10 to 25 mm depth are well visualized. However, the thermal noise at

60 – 100 mm in the PD image obscures the 3 small vessels. Thermal noise in the PD

image can be suppressed by adjusting the display dynamic range. As the dynamic

range is reduced to 12.5 dB and 10 dB, thermal noise disappears from the PD image.

However, the change of dynamic range negatively affected the visualization of vessels.

The vessel between 30 – 40 mm becomes fragmented.

Fig. 6.3 shows another example of PD and CFPD images obtained in the left

liver lobe in the transverse plane using an anterior transabdominal approach. In

Fig. 6.3 (a), artifacts due to temporally varying reverberation can be seen in the PD

image at 70 – 90 mm depth, appearing to be vessels or perfusion. However, from the

B-mode image, it is clear that this region does not contain any vessels of the size of

the artifacts, and is not a lesion. This may lead to false positive detection of vessels.

To provide a quantitative analysis of vessel visualization, the axial cross-sections

of the vessel at 73 mm depth is provided. In Fig. 6.2 (b), the center axial cross-

sections of the PD and CFPD images at the azimuthal location of 0 mm are shown.

For the CFPD signal, the peak signal of the vessel at 73 mm depth is approximately

10 dB stronger than the noise level, while in the PD image, the peak is only approx-

imately 5 dB above the noise level. The improvement of SNR of 5 dB by CFPD

allows better delineation of the vessel. This example shows that CFPD provides

better visualization of the small vessels in deeper depth by suppression of thermal

noise.
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(a) PD and CFPD images with a display dynamic range of 22.5 dB for CFPD, and 10, 12.5, and
17.5 dB for PD. The data were obtained in the right liver lobe in the transverse plane using an
anterior transabdominal approach.
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(b) Center axial cross-section of CFPD and PD images in (a).

Figure 6.2: PD and CFPD images produced with an ensemble length of 8, and their
axial cross-sections. The data were obtained in the right liver lobe in the transverse
plane using an anterior transabdominal approach.

6.4.2 Quantitative analysis

SNR measurement are shown in Fig. 6.4. The x- and y-axis represents PD image

SNR and CFPD image SNR, respectively. Each measurement is represented by one

blue circle. The yellow line represent the threshold in which CFPD image SNR equals
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(a) PD and CFPD images with a display dynamic
range of 15 dB.
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(b) The axial cross-sections of the images in (a). The location for
the cross-sections is indicated by the white dashed line in the PD
image in (a).

Figure 6.3: (a) PD and CFPD images produced with an ensemble length of 8. The
data were obtained in the left liver lobe in the transverse plane using an anterior
transabdominal approach. (b) The axial cross-sections of the images in (a). The
location of the axial cross-section is indicated by the white dashed line in the PD im-
age in (a). The reverberation in PD curve, shown in blue, is visible at approximately
80 mm depth. The CFPD curve, shown in red, indicates a strong suppression of the
reverberation while the flow signal at approximately 40 mm depth is maintained.
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Figure 6.4: SNR measurement results. It is shown that the SNR of CFPD is higher
than the SNR of PD in all cases.

PD image SNR. It can be seen that in all 132 measurements, CFPD image SNR is

higher than PD image SNR.

6.5 Discussion

The intensity of the PD signal has been shown to be proportional to the number

of red blood cells in the resolution cell. In cases where the vessels are smaller than

the resolution cells, the PD signal intensity is proportional to the fractional blood

volume [152]. This effect has been explored in cerebral imaging to estimate the

cerebral blood volume [153].

Fig. 6.5 shows one example of the CFPD signal as a function of PD signal. The

signals were from one acquisition on a human volunteer. It can be seen that CFPD

signal has a linear relation with the PD signal. The linear fitting shows a R2 value of

0.923. Similar effects can be seen in other acquisitions. This linear relation suggests

that CFPD signal intensity is also linear to the number of red blood cells in the
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Figure 6.5: CFPD and PD signal levels from one acquisition. Both CFPD and PD
signals are shown in dB scale. The linear fit of CFPD signal to PD signal has an R2

value of 0.923. This suggests that in this acquisition, as PD signal varies from 270
dB to 304 dB, the CFPD signal has a near-linear relation to the PD signal.

resolution cell, and that it is possible to utilize CFPD signal intensity to estimate

the cerebral blood volume change. However, just as in the case of PD, the linear

relation of CFPD signal intensity and blood volume does not exist between different

acquisitions, and thus the absolute blood volume cannot be estimated directly.

6.6 Conclusion

We have conducted the first pilot clinical liver imaging study of CFPD on 15 healthy

human volunteers. In all of the 132 valid Doppler data sets acquired on the livers

of the human subjects, CFPD produces higher Doppler SNR than PD. The average

improvement of SNR is 8.6 dB. In addition, the depth-dependent SNR deterioration

is largely alleviated in CFPD images. The improvement of SNR leads to better

detection of small vessels in the liver, especially in deeper parts of the liver. In the

study, example of suppression of other types of spatially incoherent noise sources,

such as reverberation clutter, were observed in CFPD images. The suppression of

such artifacts may lead to lower false positive detection of liver vessels.
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7

Conclusions

In this work, we have conducted a study on coherent flow power Doppler (CFPD)

imaging from theory and principles to clinical evaluation.

First, we have demonstrated and characterized the performance of coherent flow

power Doppler (CFPD) imaging in slow flow and small vessel detection and visual-

ization through simulation studies, flow phantom experiments, and in-vivo animal

studies. From the studies, we have quantitatively shown that, compared to PD,

CFPD can improve the Doppler SNR by 7.5–12.5 dB under various imaging condi-

tions for slow flow and small vessel detection. The improvement in SNR translates

to an improvement of the limit-of-detection of slow flow. Alternatively, it enables

Doppler imaging with a frame rate 3 times higher than PD with comparable image

quality.

In addition, we have implemented CFPD with novel sequences and methods, in-

cluding plane-wave synthetic transmit aperture imaging, diverging-wave synthetic

transmit aperture imaging, and coherent color Doppler imaging. For the seqeuence

with plane-wave synthetic transmit aperture imaging, we have proposed the theory of

angular coherence in medical ultrasound to describe the coherence properties of the
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received signals corresponding to plan-wave transmits with different steering angles.

We have further proposed and demonstrated a beamformer, termed the short-lag

angular coherence beamformer. For coherent color Doppler imaging, we proposed

coherent velocity estimators based on Kasai and Loupas estimators to reduce veloc-

ity estimation uncertainty using the spatial coherence information of backscsattered

waves. Compared to the original Kasai and Loupas estimators, the coherent estima-

tors have been shown to reduce estimation jitter by up to 50%.

We have also implemented a real-time CFPD imaging system on a Verasonics

Vantage 256 scanner with a Doppler frame rate of 10 frames per second. To achieve

the high frame rate, we have implemented the CFPD processing on a GPU card

using CUDA C++ and a GPU software beamformer made in our lab. The GPU-

based CFPD processing software utilized the highly parallel processing capability

and texture memory hardware of the GPU card to provide an acceleration of up to

1000 times, compared to previous CPU-based CFPD processing software.

Moreover, we have conducted a pilot clinical study using the real-time CFPD

system to demonstrate the clinical feasibility of CFPD imaging. In the pilot clini-

cal study, the liver vasculatures of 15 healthy human volunteers were imaged by a

radiologist. The raw data corresponding to 132 Doppler videos were captured and

processed offline. In all of the 132 data sets, CFPD provides higher SNR than PD

with an average improvement of 8.6 dB. From the visual analysis of the images, it

can be seen that the improvement in SNR leads to more sensitive detection of small

vessels in deeper parts of the liver.
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